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ABSTRACT
Fox, Alexa Kaye Sullivan. PhD. The University of Memphis. May 2015.
A Multi-Method Examination of the Effects of Online Reviews on Consumer
Information Processing and Firm Performance: A Linguistic Perspective.
Major Professors: Drs. George Deitz and Marla Royne Stafford.
Online consumer reviews are widely used by consumers, but the impact that this
type of user-generated content has on companies is not as well understood. Moreover,
companies are growing increasingly concerned that online consumer reviews may be
worth paying close attention to. This research offers a multi-method research approach to
better understand the effect of online consumer reviews on customer emotions and
behavior, as well as corporate performance metrics.
I use emotional contagion to examine how textual properties of online consumer
reviews may influence these metrics in the service failure and linguistics contexts. In
studies one, two, and three, I posit a series of behavioral experiments that manipulate
service failure and linguistic elements of online consumer reviews. Using survey-based
measurement, along with innovative measurement technologies such as eye tracking and
automated facial expression analysis, I examine the effect of these manipulations on
participants’ attention, cognition, and discrete emotions. Results indicate that service
failure severity negatively impacts anger, both measured physiologically and using
survey items, and service quality inferences. Furthermore, results suggest service failure
severity elicits (a) stronger negative affect and (b) reduced cognition on the part of the
online consumer review reader, measured physiologically. Results also indicate a
negative (positive) relationship between service failure severity and anger (avoidance
behavior). Referential cohesion, an important linguistic element of text, negatively
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(positively) moderates the relationship between service failure severity and anger
(avoidance behavior). Finally, I study the effect of linguistic elements of online consumer
reviews on profitability. Results suggest that negative emotion is negatively related to net
income and that this relationship is negatively moderated by referential cohesion.
I conclude with potential theoretical implications for the marketing academic
literature, including the literature streams on online consumer reviews, service failure,
service quality, emotional contagion, negativity bias, discrete emotions, approachavoidance, linguistics, and corporate performance. I also discuss the importance of these
studies for developing the use of physiological measurement in consumer behavior
research. Finally, I offer practical implications that can help marketers and managers
better understand and prepare for the impending impact of online consumer reviews.
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CHAPTER 1
INTRODUCTION AND OVERVIEW OF RESEARCH
Companies have traditionally relied on surveys and interviews to better
understand consumers’ perceptions of products and services. However, consumers’
increasing opportunity to share their opinions about products and services online has led
to an entirely new opportunity for capitalizing on consumers’ opinions: user-generated
content. User-generated content is becoming extremely popular, with 2.3 billion pieces of
content shared on Facebook each day, 190 million daily tweets sent on Twitter, and 1
million hours of video uploaded to YouTube each day (Haak 2012). In addition to usergenerated content posted on social media, online consumer reviews (OCRs) are
increasingly popular as well. 53 million OCRs have been submitted to Yelp, a popular
OCR website (Yelp 2014). Not only do many consumers write OCRs, but also 92% of
consumers read OCRs before making a purchase (eMarketer 2013).
“The Internet has created a space where consumers are free to sound off at will,”
(Weiss 2014). This is not inherently a new phenomenon; freedom of speech has been an
important part of American culture since the dawn of the nation. But friends and family
are no longer the only individuals who might be influenced by a given consumer’s word
of mouth (WOM). The Internet allows consumers to access other consumers’ views on
products and services, which gives them the opportunity to learn from the experiences of
other purchasers. Unlike traditional WOM, however, OCR information is typically being
provided from individuals who are complete strangers. Nonetheless, anecdotal and
empirical evidence suggests that consumers find value in OCRs and are increasingly
relying on them in order to make purchase decisions.
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While it is well understood that many consumers contribute to OCR content and
rely on OCRs in their own decision-making, it is less clear how OCRs influence readers’
emotional and behavioral responses. To truly understand consumers, companies must
study them on deeper levels, in particular, on an emotional level (Hill 2003).
“Emotions, defined as a complex phenomenon that includes affective, physiological,
and expressive elements (Weiss 2002), play a vital role in all service encounters.
Emotions are episodic; they occur in response to a particular event such as a service
failure, operating as an interface between an environmental input and behavioral output,
thereby acting as an internal signal (Scherer 1994),” (Dallimore, Sparks, and Butcher
2007).
Importantly, emotional contagion, or the psychological phenomenon of emotional
transference or convergence, may play an important role in understanding how one’s
emotions regarding a service encounter can “infect” others’ emotions. In other words, can
the emotions used to describe an emotionally charged event such as a service failure
spread to others in the form of user-generated content; in particular, OCRs?
Furthermore, the impact of this type of user-generated content has on company
performance is not well defined. News reports suggest that many providers have grown
increasingly concerned about the effects of OCRs on firm reputation and subsequent
performance. In recent years, companies have complained that slanderous reviews
significantly impact their financial performance, and government and law enforcement
agencies have started to step in. For instance, a small development company claimed that
it lost $750,000 in one year as a result of defamatory statements made on Yelp and
Angie’s List. Furthermore, Tim Hentschel, CEO of HotelPlanner.com, stated, “The
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[online customer] review becomes a critical part of the [customer’s] search process,
so…Hotels need to know what’s causing their average to drop.” (Cuddeford-Jones 2014).
Hence, business owners are beginning to understand the effect that OCRs can have on
their companies, but is it truly possible to link OCR content to changes in financial
performance?
Regardless of the website they are posted on, OCRs typically contain both a
numeric “star” rating and text review. Star ratings serve as consumers’ self-reported
overall evaluation of a product or service and require consumers to condense their
experience into a few global responses (Bohanek, Fivush, and Walker 2005). While star
ratings have been found to be useful in predicting certain consumer attitudes and
patronage behavior, as well as product sales (i.e. Chevalier and Mayzlin 2006; Mudambi
and Schuff 2010), the literature lacks consensus on the effect of star ratings (Zhu and
Zhang 2010). Language is necessary for communication, and is used by consumers to
compose the text portion of a review. The language used in reviews can capture
additional information about consumers’ attitudes beyond the star ratings, but has not
been as widely studied. According to Tang and Guo (2015), star ratings are useful in
explaining eWOM communicators’ attitudes, but additional variance can be explained
when taking text portion into consideration. Therefore, in order to take a more finegrained approach to understanding the effect of OCRs, the text portion of the review
offers a fruitful area for further exploration.
Purpose of the Research
The purpose of this research is to offer a multi-method research approach to better
understand the effect of OCRs on consumer emotions and behavior, as well as corporate
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performance metrics. I use emotional contagion to examine how textual properties of
OCRs may influence these metrics in the service failure and linguistics contexts. In
studies one, two, and three, I posit a series of behavioral experiments that manipulate
service failure and linguistic elements of OCRs. Using survey-based measurement, along
with innovative measurement technologies such as eye tracking and automated facial
expression analysis, I examine the effect of these manipulations on participants’ discrete
emotional and behavioral reactions. In study four, I investigate the impact of negative
emotion and key linguistic properties that are suggested to affect profitability. I conclude
with potential theoretical implications for the marketing academic literature, including
the literature streams on OCRs, service failure, service quality, emotional contagion,
negativity bias, discrete emotions, approach-avoidance, linguistics, and corporate
performance. Finally, I offer practical implications that can help marketers and managers
better understand and prepare for the impending impact of online consumer reviews.
Organization of the Dissertation
This dissertation is divided into seven chapters:
Chapter 1: Introduction and Overview of the Research
Chapter 2: Literature Review
Chapter 3: Study 1: Service Failure Severity in the OCR Context
Chapter 4: Study 2: Measuring Physiological Response to Service Failures in OCRs
Chapter 5: Study 3: Anger and Avoidance: Moderating Effects of Language in Consumer
Response to Service Failures Depicted in OCRs
Chapter 6: Study 4: The Impact of Linguistic Features of OCRs on Financial
Performance
Chapter 7: Discussion and Conclusions
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The literature review presented in Chapter 2 covers several bodies of research,
including emotional contagion and consumer response to reviews, as well as prior
research on reviews and their impact on emotional contagion. Chapters 3 through 6 each
present one of four separate studies, including the conceptual model, hypotheses, research
methodology, and data analysis. Chapter 7 provides the final discussions and conclusions
for this dissertation.

17

CHAPTER 2
LITERATURE REVIEW
This chapter begins by reviewing the streams of literature that support this study.
First, I develop the concepts of word of mouth, electronic word of mouth, and usergenerated content and how they relate to emotional contagion to provide the conceptual
foundation that this content is increasingly important to the study of consumer behavior.
Next, I review emotional contagion as it relates to OCRs, and discuss the various
literature streams on online consumer reviews, including those that relate to sales
performance, contribution behavior, attitudes and perceptions, and linguistics. Finally,
based on the literature review, I advance four research questions that seek to extent the
current literature on OCRs and emotional contagion.
Emotional Contagion and Consumer Response to OCRs
Word of Mouth
Word of mouth (WOM), or the exchange of information about goods and services
among consumers, has long been recognized as a valued and influential source of
consumer information (Whyte 1954; Katz and Lazarsfeld 1955). WOM informs future
consumers of a product or service and reduces uncertainty involved in a shopping
experience (Dellarocas 2003). Studies that examine consumer response to WOM focus on
valence and generally conclude that people put more emphasis on negative rather than
positive information when forming evaluations (Arndt 1967; Mizerski 1982; Skowronski
and Carlston 1989; Wright 1974) and purchase decisions (Weinberger, Allen, and Dillon
1981). Indeed, consumers are more likely to pay attention to and scrutinize negative
information (Homer and Yoon 1992).
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Electronic Word of Mouth
Furthermore, the Internet has changed the way consumers communicate about
brands. Consumers are now more informed about what is available to them than at any
point in the past (Clemons and Gao 2008), especially because of the prevalence of
electronic word of mouth (eWOM). eWOM refers to “any positive or negative statement
made by potential, actual, or former customers about a product or company, which is
made available to a multitude of people and institutions via the Internet” (Hennig-Thurau
et al. 2004; p. 39). Once eWOM is posted on the Internet, it can be searchable for the
indefinite future. Thus, the information conveyed in eWOM has the potential to impact
both present and future consumers’ attitudes and purchase decisions (Yin, Bond, and
Zhang 2014). While much of the eWOM literature demonstrates similar findings as the
traditional WOM literature, a major difference is that while traditional WOM can be
spoken or written, it often does not leave a small group of communicants. On the other
hand, eWOM generally requires consumers to type their opinions and post them on the
Internet, which is available to a larger audience and is more permanent in nature.
User-Generated Content
Today, user-generated content is a very popular form of eWOM. Whereas online
content was static in Web 1.0, content in Web. 2.0 is continuously modified by Internet
users in a participatory and collaborative fashion (Kaplan and Haenlein 2010). In Web
2.0, this content is termed “user-generated content,” and is defined as “media content
created by users to share information and/or opinions with other users” (Tang, Fang, and
Wang 2014). As such, the information communicated in such user-generated content
does not originate with the company. Conversational norms may not be governed by
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consumers’ expectations that user-generated content is persuasive, but rather, that it
reflects a sincere opinion. Indeed, research demonstrates that user-generated content
impacts product evaluation, decision making, and purchase behavior (i.e. Ansari,
Essegaier, and Kohli 2000; Chevalier and Mayzlin 2006; Daugherty, Hairong, and Biocca
2008; Forman, Ghose, and Wiesenfeld 2008; Godes and Mayzlin 2004; Moe and
Schweidel 2012). Essentially, any customer comment about a company’s product or
service can function as an influential product recommendation or dissuasion (Ludwig et
al. 2013) because consumers who read these comments can “catch” the emotions
conveyed by the writers of these comments. Thus, as online conversation become less
about company expertise and more about peer expertise, which can be expressed using a
variety of emotions, user-generated content grows increasingly more important for brands.
Emotional Contagion
When people are experiencing a certain emotion, whether it is a positive or
negative emotion, that emotion is often communicated to others. Talking to a depressed
person may make one feel depressed, whereas talking to someone who feels selfconfident is likely to make one feel more self-confident. This phenomenon is known as
emotional contagion, and has compelling evidence from a variety of fields, including
social and developmental psychology, history, cross-cultural psychology, experimental
psychology, and marketing (Hatfield, Cacioppo, and Rapson 1994).
In general, emotions can be “caught” in several ways. Early investigators of
emotional contagion studied complex cognitive processes by which consumers learn and
understand what other consumers around them feel. These studies suggest that conscious
reasoning, analysis, and imagination account for how emotions are transmitted from one
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consumer to another. This early research is often focus on conscious cognitive processes;
researchers encourage participants to share others’ feelings by asking them to imagine
how they would feel in another individual’s position (i.e. Bandura 1969; Stotland 1969).
Other studies suggest that emotional contagion could result from more primitive
associative processes. For instance, the mere sight of facial expressions associated with
intense vocalizations or angular movements may come to evoke comparable emotions in
observers (Hatfield, Cacioppo, and Rapson 1994).
In general, however, emotional contagion works through mimicry and feedback.
Consumers tend to automatically and continuously mimic and synchronize their
movements with the facial expressions, voices, postures, movements, and behaviors of
others. Subjective emotional experiences are affected, moment-to-moment, by the
activation and feedback from such mimicry. Evidence that people tend to “catch” others’
emotions, moment-to-moment (Hatfield, Cacioppo, and Rapson 1994), is supported by
evidence from a variety of disciplines.
Research dating back to the 1950s offers evidence that animals catch others’
emotions (Miller, Banks, and Ogawa 1963; Mirsky, Miller, and Murphy 1958). Such
research suggests that monkeys catch the fear of others and are primed to make the
appropriate instrumental avoidance response. These early studies offer evidence that even
animals lower on the phylogenetic scale are capable of emotional contagion (Hatfield,
Cacioppo, and Rapson 1994). Several decades later, evidence from the child psychology
literature offers evidence that children often catch their parents’ emotions. Depressed
mothers communicate their depression to their infants and toddlers, who are then at risk
for depression themselves (Downey and Coyne 1990). Moreover, Campos and Sternberg
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(1981) find that infants scan their parents’ faces, detect the discrete emotion present on
their faces, and use that information to decide how to proceed. Indeed, the effect of
emotional contagion is thought to be so powerful that Freud (1958) warned therapists to
keep their emotional distance from clients, so as to fight the effects of emotional
contagion.
Emotional Contagion and Online Consumer Reviews
While research on emotional contagion has largely focused on the effect of
personal interactions, there is evidence to suggest that the dissemination of emotions does
not always require direct physical contact or proximity. Mass communications such as
films, newspapers, radio, and, especially, television can transmit emotions far beyond
geographical constraints. Indeed, the mass media may possess power even greater than
realized due to its potential to precipitate the spread of information, entertainment, and,
importantly, emotions (Hatfield, Cacioppo, and Rapson 1994). Today, such notions
continue to spur important research questions for scholars across disciplines; however,
even newer media has also come into play. For instance, online consumer reviews
(OCRs) refer to peer-generated evaluations posted on company or third party websites
(Mudambi and Schuff 2010), and are considered a form of eWOM written by consumers
on the Internet (Jiménez and Mendoza 2013). Companies are increasing their marketing
budgets dedicated to engendering and managing the eWOM process (Moorman 2014), as
eWOM has been found to generate a strong carryover effect (Liu 2006; Trusov, Bucklin,
and Pauwels 2009). As such, it is important that scholars begin to focus on the effects of
emotional contagion as it applies to user-generated content, especially OCRs.
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Prior Research on OCRs and the Impact on Emotional Contagion
OCR research can be categorized into four different literature streams: (1) OCR
impact on sales performance, as measured by publicly available data, (2) OCR
contribution behavior, as measured by publicly available data, (3) attitudes and
perceptions of OCRs, as measured by surveys and experiments, and (4) fine-grained
examinations of OCRs from a linguistics perspective. In the next pages, I review each of
these literature streams and offer a perspective as to how they relate to emotional
contagion.
OCR Studies Related to Sales Performance
Early studies use large panel data sets to empirically examine relationships
between numeric diagnostics, or objective measures of sales and/or product performance.
Most often, these studies examine valence, volume, and variance of OCRs. Valence
refers to the measure of positivity or negativity of OCRs (Chevalier and Mayzlin 2006),
while volume of ratings simply refers to the number of postings (Duan, Gu, and
Whinston 2008). Finally, variance refers the dispersion of OCRs (Godes and Mayzlin
2004), which is often measured by star ratings. For instance, Ludwig et al. (2013)
suggested that greater variability of star ratings increases conversion rate. Clemons, Gao,
and Hitt (2006) examined the impact of OCRs on craft beer sales, and found that valence
and variance, but not volume, affect sales growth. Conversely, Chen, Fay, and Wang
(2003) found that, after controlling for price and quality, volume is positively related to
sales performance.
This stream of OCR literature is usually set in contexts where financial
information is publicly available, with the most research done in the book and movie
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context. Some OCR studies suggested that OCRs are not correlated with Amazon book
sales (Chen, Wu, and Yoon 2004), but more recent studies do not agree. Chevalier and
Mayzlin (2006) characterized patterns of reviewer behavior and examined the effect of
the number and valence of OCRs on sales patterns. The authors used publicly available
data on Amazon and barnesandnoble.com data to construct measures of each firm’s sale
of individual books. Chevalier and Mayzlin (2006) found that an improvement in a
book’s OCRs leads to an increase in sales on that site, that the impact of one-star reviews
is greater than five-star reviews, and that customers are more likely to read OCR text
rather than relying on summary statistics. Berger, Sorensen, and Rasmussen (2010)
examined valence of OCRs for books featured in the New York Times. The authors found
that negative reviews negatively influence sales for books written by well-known authors
but can increase sales for book with low product awareness. Although the literature
generally suggests that OCRs are correlated with book sales, scholars do not necessarily
agree on what drives these relationships.
Other scholars have examined the effect of OCRs on movie box office
performance. Dellarocas, Zhang, and Awad (2007) examined the effect of OCRs on
movie box office sales and found that valence and volume of online WOM significantly
impact sales growth, whereas Liu (2006) and Duan, Gu, and Whinston (2008) found that
volume, but not variance, impacts box office sales. Chintagunta, Gopinath, and
Venkataraman (2010) assessed the impact of valence, volume, and variance of Yahoo!
Movies OCRs on box office movie performance and found that valence matters more
than volume, which is in contrast to previous studies. But when the analysis is carried out
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with aggregated national data, the authors concluded that volume matters but not the
valence, which is consistent with previous studies.
Tang, Wang, and Fang (2014) expand on the research that takes basic
positive/negative valence into consideration by investigating the effect of neutral and/or
mixed content in OCRs. The research team found that mixed neutral OCRs, or those that
contain an equal amount of positive and negative claims, magnifies the effects of positive
and negative OCRs, while indifferent neutral OCRs, or those that include neither positive
or negative claims, weakens the effects of positive and negative OCRs. Thus, Tang, Fang,
and Wang (2014) demonstrate that it may be important to consider neutral content, in
addition to positive and negative content, in an OCR context. While there is some
consensus that consumers tend to trust negative evidence in evaluating OCRs and that
they pay attention to numerical and text information (Racherla and Friske 2012), there is
mostly mixed empirical findings for numeric diagnostics on sales and product
performance.
The mixed findings generated in the literature that examines the effect of OCRs
on sales could be due to researchers conducting their analyses in a cross-sectional context.
In general, examining numeric ratings such as volume, valence, and product popularity
do not appear to do justice to the fine-grained nature of OCRs (Ludwig et al. 2013) and
may not be effective for diagnosticity and predictive capabilities. However, OCR studies
related to sales performance do offer implications for the emotional contagion literature.
In a meta analysis that examines the effect of OCRs on retailer sales, Floyd et al. (2014)
find that studies based on OCR valence report significantly higher sales elasticities than
those based on OCR volume. It appears that emotional contagion may be present in the
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empirical research on the effect of OCRs on sales performance. Valence may not be
enough to draw definitive conclusions about this effect, but it may be useful to adopt a
finer-grained approach to the study of emotions.
OCR Studies Related to Contribution Behavior
A second stream of OCR literature seeks to understand consumers’ OCR
contribution behavior. Studies suggest that the valence of OCRs tends to trend
downwards over time (Godes and Silva 2012; Li and Hitt 2008), which may be a result of
the product life cycle (Li and Hitt 2008). In a study that considers WOM from a product
perspective, Berger and Schwartz (2011) found that people tend to talk more about
interesting products, both immediately after their release and over time, as well as more
publicly visible products. Godes and Silva (2012) contended that the valence of OCRs is
explained by the decreasing ability of buyers to assess similarity with past reviewers as
the total number of OCRs increases. Hu, Pavlou, and Zhang (2006) suggested that OCR
posting behavior is related to customer satisfaction, and that the most satisfied and the
most dissatisfied consumers are the most likely to post OCRs. Schlosser (2005) found
that posting behavior is affected by social context, while Moe and Trusov (2011)
suggested that such behavior is influenced by the valence and variance of previously
posted OCRs. In a related study, Moe and Schweidel (2012) found that positive
(negative) rating environments increase (decrease) posting incidence, or whether
consumers contribute to OCRs. Furthermore, consumers with high or low postpurchase
evaluations are more likely to contribute to OCRs. Punj (2013) investigated whether
consumers who conduct online product research are also more likely to post OCRs, but
concluded that these behaviors are not related.
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In summary, it appears that consumers’ OCR posting behavior can be influenced
by a variety of factors, including time, valence and variance of OCRs, reviewer-reader
perceived similarity, and consumer purchasing behavior. As with sales performance, the
OCR contribution literature offers insight into emotional contagion. Products that are
more interesting and publicly visible are more likely to be reviewed (Berger and
Schwartz 2011) due to their emotionally engaging and exciting nature. Additionally,
consumers who are most and least satisfied are likely to convey strong positive and
negative emotions, respectively. These emotions are likely to be caught by OCR readers,
since these consumers are the most likely to contribute OCRs, as evidenced by Hu,
Pavlou, and Zhang (2006). Furthermore, the recent work that suggests contribution
behavior is influenced by previously posted OCRs (Moe and Trusov 2011) and that
positive (negative) rating environments increase (decrease) positing incidence, are
indicative of an emotional contagion effect. However, the literature lacks a more finegrained examination of the impact of OCR characteristics on consumers’ contribution to
OCRs.
OCR Studies Related to Attitudes and Perceptions
Other OCR literature focuses on attitudinal data collected through surveys and
experiments. These studies generally go beyond the examination of valence, variance,
and volume to consider various review elements. Perceived helpfulness, defined as the
extent to which a peer-generated seller evaluation is perceived by consumers to facilitate
their decision process (Mudambi and Schuff 2010), is one of the most commonly studied
constructs. For instance, Mudambi and Schuff (2010) used Amazon sales data for six
products to examine the effect of extremity, depth, and product type (search versus
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experience product) on perceived helpfulness. They found that for experience goods,
OCRs with extreme ratings were less helpful. Furthermore, the authors suggested that
review depth positively affects helpfulness but has a greater positive effect for search
versus experience products. Schindler and Bickart (2012) considered the style of OCRs
and their effect on perceptions of helpfulness. Their results indicated that OCRs of
moderate length and those that include positive product evaluative statements or nonevaluative product information are perceived as most helpful. Conversely, Racherla and
Friske (2012) concluded that positive OCRs are less useful than negative OCRs. Forman,
Ghose, and Wiesenfeld (2008) suggested that OCRs that include information about
identity and community norms are more useful than those that do not; similarly, Hu, Liu,
and Zhang (2008) concluded that consumers find it useful to pay attention to OCR
variance, as well as reviewer reputation and exposure. In general, it appears that the
empirical findings of studies that focus on the determinants of OCR perceived
helpfulness are inconclusive.
More recent OCR literature that examines perceived helpfulness is focused on the
content of OCRs. Schlosser (2011) found that the relationship between including oneversus two-sided arguments (i.e. pros and cons) in OCRs and consumers’ perceived
helpfulness is moderated by the reviewer’s product rating. When a reviewer’s rating was
extreme, two-sided OCRs were not perceived as more helpful than one-sided OCRs. Cao,
Duan, and Gan (2011) and Kuan et al. (2011) concluded that the presence of both
objective and subjective content influences helpfulness perceptions. Importantly, Yin,
Bond, and Zhang (2014) suggested that researchers should extend the examination of
simple valence to distinguish more specific emotions. They demonstrated that anxious
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reviews are perceived as more helpful than angry reviews because readers perceive that
anxious reviewers has given more careful consideration to the content. However, these
authors considered seller reviews, which are generally anonymous, as opposed to product
reviews, which are often identifiable in terms of expertise and demographics.
This stream of literature has also examined the perceptions of other consumers.
Pavlou and Dimoka (2006) use buyer-seller dyads on eBay to understand the role of
feedback text comments on buyers’ trust in a sellers’ benevolence and credibility. They
found that extraordinary past seller behavior creates price premiums for reputable sellers
by engendering buyers’ trust. Furthermore, they suggested that text comments have more
influence on credibility than numerical rankings. Jiménez and Mendoza (2013) also
studied perceived credibility, but considered the level of detail in an OCR and the level of
reviewer agreement with the OCR for both search and experience products. Their
findings indicated that OCRs for search products are perceived as more credible when
they have detailed information, but for experience products, perceived credibility is
dependent on the level of reviewer agreement with the OCR. Ein-Gar, Shiv, and Tormala
(2012) considered the blemishing effect in an OCR context, which occurs when a small
negative detail is added to an otherwise positive description. The authors demonstrated
that a small dose of negative information in OCRs increases consumers’ interest in
purchasing a product, especially when consumers process information effortlessly and
when negative information follows positive information. Finally, Zhang, Cheung, and
Lee (2014) demonstrated that when consumers are exposed to inconsistent OCRs, or a
mix of positive and negative OCRs, the influence of perceived trust on purchase intention
is higher than if the reviews are consistent. While the OCR literature that focuses on
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attitudinal data makes useful developments by examining perceptions of helpfulness,
credibility, and trust, scholars do not yet understand how consumers process information
to form these perceptions. Indeed, further research is needed to shed light on the
underlying processes that drive consumers’ perceptions of OCRs.
This stream of literature provides initial support for the presence of emotional
contagion effects and a negativity bias with respect to OCR effects on readers. Negativity
bias highlights the importance of studying negative emotions, contending that negative
emotional content is considered to be more helpful than positive emotional content, and
Racherla and Friske (2012) find that positive OCRs are less useful than negative OCRs.
Similarly, OCR studies related to attitudes and perceptions show that a small dose of
negative information in OCRs increases consumers’ interest in purchasing a product,
especially when consumers process information effortlessly and when negative
information follows positive information (Ein-Gar, Shiv, and Tormala 2012). Not only do
such studies suggest that negative information is often considered to be more useful than
positive information, but it affects whether OCR readers are interested in purchasing a
given product. In other words, this stream of OCR literature offers evidence of an
emotional contagion effect.
OCR Studies Related to Psycholinguistics
More recent OCR literature applies psycholinguistic theory to study examine the
effects of language categorization, structure, and syntax on information processing and
evaluation of reviews. Previous work attempted to predict sentiment rating (i.e. star
ratings 1-5) or categorize words (i.e. which words focus on taste versus texture in a food
review). In a recent study, Jurafsky et al. (2014) sought to understand the narrative
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structure that reviewers use in OCRs. These authors analyzed Yelp restaurant OCRs for a
six-year time period and found a strong positive skew in star ratings, which is consistent
with previous work that analyzes OCRs of restaurants and consumer products (Potts
2011). Jurafsky and his team suggested that reviewers use narratives to portray
characteristics about themselves and that certain words are affiliated with particular star
ratings; for instance, negative sentiment words such as “worst”, “rude”, and “awful” and
third person pronouns such as “she”, “he”, “her”, and “him” are associated with one-star
OCRs. In such OCRs, the reviewer tends to portray himself/herself as the victim and is
seeking support from the readers.
Marketing literature has only recently begun to study OCRs from a
psycholinguistic perspective. Ludwig et al. (2013) examined the impact of aggregate,
weekly changes in affective content of product reviews on conversion rates, which is in
contrast to the many studies that have studied the effect of OCRs on sales performance.
The authors found that the heuristic nature of online information processing allows
affective content in reviews to drive behavior. Kronrod and Danziger (2013) examined
the use of figurative language in OCRs, and determined that its effectiveness is contextspecific because conversational norms are more strongly associated with hedonic versus
utilitarian goods. Indeed, it appears that the psycholinguistics field represents a fruitful
avenue for research in the marketing literature, especially when it comes to OCRs.
In addition, emotional contagion is evidence in the psycholinguistics stream of
OCR literature. Words that are affiliated with strong negative valence (i.e. “worst”,
“rude”, and “awful”) tend to be correlated with one-star reviews (Jurafsky et al. 2014).
This finding suggests that the emotion present in the text portion of OCRs is related to
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other decisions that consumers commonly make when writing OCRs such as the star
rating it should be awarded. Furthermore, Ludwig et al. (2013) finds that the heuristic
nature of online information processing facilitates affective content in OCRs to drive
behavior. Although underexplored, emotional contagion seems to play an important role
when considering the importance of language elements in OCRs. Based on the review of
the literature related to OCRs and emotional contagion, I next generate research questions
that summarize useful extensions on the current literature on OCRs and emotional
contagion.
Research Questions
I seek to extend the current literature on OCRs and emotional contagion by
advancing the following research questions:
1. How does the emotion in negative OCRs impact consumers’ emotional and
cognitive responses?
2. How does this emotional contagion impact the relationship between emotions
expressed in OCRs and consumers’ emotion, cognition, and behaviors
measured on a moment-to-moment basis?
3. What is the impact of emotional contagion when considered in conjunction
with linguistic elements of OCRs?
4. Can emotional contagion in aggregated OCRs impact corporate financial
performance over time?

Chapter Summary
This chapter presented a review of the conceptually relevant research streams
surrounding the constructs of interest. A review of the literature indicates that user-
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generated content is not often considered in the emotional contagion literature, but it
could explain the effects of OCR content on consumers who read such content.
Furthermore, the OCR literature indicates that the text portion of OCRs has been vastly
underexplored, yet represents fruitful opportunities of study. The review also noted that
linguistics and physiological measurement are not often studied in the OCR literature, but
are useful for exploring consumers’ emotions and behaviors related to OCR content.
Finally, chapter two concluded with research questions of interest, based on the literature
review. The next chapter presents the hypotheses, experimental design, and results related
to study one.
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CHAPTER 3
STUDY 1: SERVICE FAILURE SEVERITY IN THE OCR CONTEXT
This chapter focuses on how a service failure depicted in the course of an OCR
impacts readers’ self-reported affect as well as their corresponding perceptions of
provider service quality. A predominant feature of Web 2.0 is the ability to rapidly
diffuse information relating to service encounters to a global audience. In many cases,
OCR writers who have experienced strongly valenced encounters are apt to use highly
emotional language in their reviews, presenting the potential for affective response on the
part of readers via emotional contagion. Thus, an important contribution of chapter three
is in establishing the premise that emotional contagion is an important lens through which
to study the effects of OCRs. I expect that some OCR readers – in essence, third-party
observers of the service failure – will take on the emotions expressed by the reviewer in
the course of reading a strongly valenced OCR. In other cases, however, the service
failure depicted in the review may still produce negative perceptions relation to future
service quality without generating strong feelings. Identification of significant direct and
indirect effects point toward a potential dual process model in explaining consumer
processing of service failure information as presented in OCRs. This chapter develops the
hypotheses, and discusses the data and measurement, experimental manipulation, and
results related to study one.
The Effects of Service Failure on Emotion
Recall that the negativity bias demonstrates the importance of studying negative
emotions, contending that negative emotional content is considered to be more helpful
than positive emotional content. In general, literature suggests that “bad things produce
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larger, more consistent, more multifaceted, or more lasting effects than good things,”
(Baumeister et al. 2001, p. 325). In other words, positive affect does not have an
equivalent impact on behavior as negative affect (Jordan 1965). The idea that a negative
event is of higher salience than its counterpart is a key component of the loss aversion
phenomenon (Kahneman and Tversky 1979); consumers prefer to avoid a loss than
acquire a gain. Negativity bias is also a prevalent finding in the OCR literature; more
negative OCRs tend to be considered more helpful by consumers (i.e. Chevalier and
Mayzlin 2006; Mudambi and Schuff 2010) because negative information is considered to
be rare or unexpected. Thus, I consider negative OCRs in the present study.
Moreover, the negativity bias has implications for emotional contagion. Classic
literature from anthropology suggests that when parties are in contact, “essence” passes
between them and leaves a trace (Frazer 1922), and it is only necessary for the parties to
have minimal contact for this contagion effect to occur. This effect is much stronger for
negative relationships than positive ones; for instance, a negative act toward an individual
leaves longer and more powerful effects on that individual than a positive act (Rozin et al.
1986). In general, the psychology and anthropology literature suggests that the more
negative the event, the more potent and contagious it is.
However, studying negatively valenced emotions together and contrasting them
with positively valenced emotions decreases the extent to which an individual emotion is
considered distinct with respect to its experiences and behavioral consequences (Lazarus
and Cohen-Charash 2001). As such, it is useful to consider discrete emotions, as opposed
to general valence. Roseman’s (1991) appraisal theory of emotions distinguishes 16
unique emotions that are can be considered independently. These emotions range from
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hope and joy, which are not only positive, but are also caused by circumstances, to guilt
and regret, which are negative and caused by oneself. Readers can recognize discrete
emotions in writing; thus, I consider anger as a discrete emotion in an OCR setting.
Anger is defined as an emotional state that motivates a person to alleviate
personal harm attributed to others (Lazarus 1991). Anger is generally considered to be a
negative emotion, in that it is characterized by low pleasantness. Anger is of particular
interest because not only is it negative in valence, but it occurs when a person sees
another person(s) as the source of injury (i.e. a consumer can be angered by poor service
in a restaurant) (Bagozzi, Gopinath, and Nyer 1999). In other words, anger arises from
situations that are predictable and dictated by other people (Lerner and Keltner 2000). It
tends to occur when undesirable outcomes are predictable or have occurred repeatedly in
the past. Importantly, anger is characterized by blame; that is, a person experiences anger
when he or she feels that the fault in a situation can be attributed to another person’s
wrongdoings. Since people tend to prefer to blame others than themselves in a negative
situation, the emotional contagion effect is strong in the context of anger. That is to say,
people are fast to “point the finger” at others because it may make them feel better about
their own emotions and behaviors. Moreover, anger is considered to be a relevant
emotion in the e-commerce setting because it is commonly encountered in OCRs
(Ludwig et al. 2013), the writing of which can be considered a retaliatory behavior. As
shown in Figure 1, I hypothesize the following:
H1:

Service failure severity positively impacts the anger of OCR readers.
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The Effects of Anger on Service Quality Inferences
According to Zajonc (1980), affect precedes both language and cognition. Indeed,
Zajonc claimed that “affect and cognition…constitute independent sources of effects in
information processing”, as indicated by lower organisms’ and infants’ ability to
experience and demonstrate affect. Zajonc contended that affect is separate from
cognition; however, more recent research suggests that affect and cognition are integrated.
Storbeck and Clore (2007) suggested that emotion regulates basic cognitive processes.
For instance, Riener et al. (2003) found that individuals who were primed with sad music
perceived and described a situation to be more pessimistic than individuals who were
primed with happy music. Indeed, the literature documents the ability of emotion to
impact subsequent cognitive and behavioral processes, and is especially highlighted by
emotional contagion.
Emotional contagion represents a family of phenomena; it can manifest as
responses that are similar such as when a smile elicits another individual’s smile or
complementary such as when a fist raised in anger causes an individual to shrink back in
fear (Hatfield, Cacioppo, and Rapson 1994). As such, an emotion can lead a consumer to
particular cognitive or behavioral reactions. Furthermore, an emotion may be informative
to the person who experiences it. That is, it offers insight into oneself and what he or she
is thinking. This phenomenon is apparent in the affect-as-information hypothesis (Clore
1992), which suggests that affect provides compelling information about the personal
value of whatever is in mind at the time. Indeed, according to Lazarus (1991), when one
reacts with a discrete emotion such as anger, there is usually an accompanying awareness
and understanding of the emotional reaction, which helps one respond to his or her
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emotional distress. Given that an emotion impacts subsequent cognition (Lazarus 1991),
it follows that a negative emotion such as anger will have a negative impact on
successive cognitively formed inferences about the incident that initiated the anger.
Therefore, I posit that anger is negatively related to service quality inferences:
H2:

Anger on the part of the OCR reader negatively impacts service quality
inferences.
Service Failure and Service Quality Inferences

Service failure severity affects customer outcomes and is considered to be critical
for customers evaluating an exchange (Oliver and Swan 1989). While I expect some
OCR readers, or observers of the service failure, to take on the emotions expressed by the
reviewer in the course of reading a strongly valenced OCR this may not be the case for
all observers. In essence, some observers may generate negative perceptions of service
quality after reading about a service failure, but may not feel particularly emotional about
the failure. In this way, I suggest that cognition could serve as the mechanism by which
service failure severity affects certain consumers. This could be due to a variety of
demographic or contextual factors such as age and marital status, given that apartments
tend to be occupied by consumers who are in earlier stages of life. Moreover, it could be
due to how relevant OCRs or apartments are for consumers. In other words, if an
individual does not currently lease an apartment or only reads general OCRs or OCRs for
apartments infrequently, reading about a service failure may not engender an emotional
response, but may still produce negative perceptions in relation to future service quality
without generating strong feelings. As such, I posit a cognitive route by which service
failure severity may function; the greater the service failure severity, the more negative
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the perceptions that are expected to result. As demonstrated in Figure 1, I suggest that
service failure severity impacts perceptions:
H3:

Service failure severity negatively impacts the service quality inferences
of OCR readers.

FIGURE 1: STUDY 1 MODEL

Overview of Study 1
Study one is a scenario-based study, in which service failure severity is
manipulated (severe/minor). It examines the cognitive and affective effects related to
service failure severity. Specifically, study one tests the prediction that service failure
severity positively (negatively) impacts anger (service quality inferences), and that anger
negatively impacts service quality inferences. To test these hypotheses, I manipulate
service failure severity (minor/severe) in an OCR and ask participants to answer survey
items related to service quality inferences and anger. I predict that participants who read
the severe service failure perceive lower service quality inferences and experience more
anger than those who read the minor service failure.
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Stimuli
I read several hundred OCRs on the ApartmentRatings.com to develop a deep
understanding of the basic characteristics of real OCRs in the apartment industry context.
Using this knowledge, I developed an OCR in the apartment industry context. This
context is unique because when a consumer rents an apartment, he or she must usually
pay an application fee and/or security deposit at the outset, and must undergo background
and financial checks before the property allows the consumer to sign a lease. Signing an
apartment lease generally means that a consumer makes a long-term commitment, given
that the standard lease is issued for a yearlong period. In addition to the major financial
commitment up front, a typical apartment resident makes a sizable payment each month
for the duration of the lease. In this way, an apartment is not only a high-involvement
service, but is a continuous service as well, meaning that the service is provided over
time and the time when a customer leaves the purchasing relationship can be observed
(Lilien et al. 2010). Although such relationships are important, they are not often studied
in the marketing literature, presumably because they can be difficult to monitor.
Furthermore, apartments have experience attributes, which means that they cannot
be known until after use of the product (Nelson 1974). Experience attributes are
contrasted with search attributes, which are characteristic of products where complete
information about the products can be acquired prior to purchase. Experience attributes
are associated with more perceived risk than search attributes, due to the lack of
knowledge and information that the consumer has available prior to purchase. According
to Bone (1995), if consumers have difficulty in judging product quality or if judgmental
criteria are ambiguous, the value of available information for the purposes of analysis

40

increases. As a result of this ambiguity, evaluations of experience goods may be more
affected by eWOM, as compared to search goods, and are worthwhile to study in the
OCR literature.
The OCR in each condition described the same core service failure, in which the
reviewer moved in to an apartment community and then was notified that he or she had
not submitted a copy of their insurance policy. Although the reviewer would continue to
submit copies of his or her policy, the staff claimed to not have received it. The severity
differed in terms of how the apartment staff handled the service failure and ultimately,
what happened to the reviewer; in the minor condition, the staff eventually finds a copy
of the reviewer’s policy. In the severe condition, the staff eventually informs the reviewer
that he or she is being evicted. Information about the reviewer (name, gender, etc.) is not
included so that participants’ perceptions are solely based on the review content itself.
Manipulation Checks
To assess the realism of the scenarios and the effectiveness of the manipulations,
Amazon Mechanical Turk workers whose native language is English were recruited to
participate in the study in exchange for monetary payment ($0.20 per participant). A total
of 120 subjects participated in the study, with 60 participants per condition. I conducted
an analysis of variance (ANOVA) to test the effectiveness of the severity manipulation,
which was measured using a seven-point, three-item, semantic differential scale from
Hess, Ganesan, and Klein (2003). The results indicate that the severity manipulation was
significant (F = 13.41; p < .05). Participants who read the severe manipulations perceived
those OCRs to be significantly more severe than participants who read the minor
manipulations (MSevere = 6.33 vs. MMinor = 4.45, p < .000).
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The realism of the scenarios was measured using a seven-point, three-item,
Likert-type scale from Sultan, Joireman, and Sprott (2012). The results of an ANOVA
showed that mean responses to the three realism questions were significantly greater than
the scale mid-points in each condition. The average rating of realism was 4.62,
significantly greater than the midpoint (p < .000), indicating that participants perceived
the scenarios to be realistic. The results of an ANOVA indicate that there are no
significant differences in perceived realism between the severe and minor conditions (F =
0.31, p = 0.582). The reliability coefficients (coefficient alpha) for the service failure
severity and realism constructs are 0.96 and 0.88, respectively. Survey items for the
service failure severity and realism constructs are listed in Appendix A.
Data and Measurement
Amazon Mechanical Turk workers whose native language is English were
recruited to participate in the study in exchange for monetary payment ($0.20 per
participant). A total of 126 subjects participated in the study, with 63 participants per
condition. Approximately 48% of the participants were male. Subjects ranged from 19 to
79 years of age, with a mean of 38 years. Eighty-six percent of participants read OCRs at
least once per month, and 94% of subjects use social media on a daily basis, which
indicates that the sample is familiar with the online environment and user-generated
content. Each participant was randomly assigned to one of the experimental conditions,
and was instructed to browse the text of an OCR in the apartment industry context
created for experimental purposes. As shown in Appendix B, service quality inferences
and anger were measured using seven-point, Likert-type scales from Baker, Grewal, and
Parasuraman (1994) and Bonifeld and Cole (2007), respectively. I also collected
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information related to online review and social media use (i.e. “How frequently do you
read online reviews for apartments” and “What best describes your daily social media
use?”), relevancy of the apartment context (i.e. “When was the last time you leased an
apartment?”), and demographics, including gender (“Are you male/female?”), marital
status (“Are you single/divorced?”), age (“What is your age?”), and education (“Which
best describes the highest level of education you have completed? Freshman/sophomore/
junior/senior/masters student/doctoral student.”).
Analysis and Results
Measurement Results
A confirmatory factor analysis is applied to the two-construct model with MPlus
version 7.11 (Muthén and Muthén 2014) using full-information maximum likelihood
estimation. Fit statistics indicated a reasonable fit X261 = 72.70 p = 0.145, RMSEA = 0.04,
CFI = 0.99, TLI = 0.98; Hu and Bentler 1999). Note that MPlus computes the SatorraBentler X2 (Satorra and Bentler 2001), which takes sample size into account and is
means-adjusted (MPlus 2014). As shown in Appendix B, all items loaded significantly on
their respective factors (p < .05). The correlations and psychometric properties of the
variables are presented in Table 1. The AVE of each of the two multiple-item scales was
above 0.50, and the square root of the AVE for each of the two constructs was larger than
its corresponding correlation with the other construct (Fornell and Larcker 1981).
Collectively, these results show that the measures are reliable and exhibit convergent and
discriminant validity.
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TABLE 1: CORRELATIONS AND PSYCHOMETRIC PROPERTIES OF VARIABLES
X1

X2

Service Failure Severity (X1)
Anger (X2)

1.00
0.74

1.00

Service Quality Inferences (X3)
Gender (X4)
Age (X5)

-0.58 -0.46 1.00
-0.10 0.04 0.08
-0.22 -0.01 0.13

Marital Status (X6)

0.07

Currently Lease Apartment (X7)

-0.02 0.01

0.02

X3

X4

X5

1.00
0.28

1.00

X6

X7

X8

X9

-0.05 -0.12 -0.22

1.00

0.03

-0.03 0.20

-0.14 1.00

Frequency of Reading OCRs about Apartments (X8)

-0.25 -0.12 -0.15 -0.03 0.22

-0.10 0.24

1.00

Frequency of Reading OCRs in General (X9)

-0.15 -0.13 0.17

0.01

-0.08

0.00

0.14

0.15

1.00

Mean

5.59

2.87

0.52

37.56

0.59

0.65

6.52

3.15

Standard Deviation

1.38

1.39

0.50

11.89

0.49

0.48

1.60

1.51

0.95 0.92
Composite Reliability
0.85 0.70
AVE
*The scores for X2 and X3 range from 1 to 7 (higher scores indicate higher levels). X4 was recorded as 0 = male and 1 =
female. X6 was coded as 0 = married and 1 = single/divorced. X7 was coded as 0 = yes and 1 = no. The scores for X8 and
X9 range from 1 to 8 (higher scores indicate lower frequency).
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Structural Model Results
In order to test the overall viability of the proposed model, the sample covariance
matrix of the observed variables was used as input into MPlus version 7.11 (Muthén and
Muthén 2014). Controlling for the effects of age, martial status, whether one currently
leases an apartment, the frequency of reading OCRs about apartments, and the frequency
of reading OCRs in general, the model explains 28% of the variance in anger and 36% of
the variance in service quality inferences. A closer examination of the path coefficients
and t-values indicates that service failure severity exerts positive influences on anger (β
= .52, t = 7.34); thus, hypothesis 1 is supported. Furthermore, anger exerts negative
influences on service quality inferences (β = -.34, t = -3.85), in support of hypothesis 2.
Finally, service failure severity exerts negative influences on service quality inferences (β
= -.26, t = -2.89); therefore, hypothesis 3 is supported by the data.
Study 1 Discussion
The first study demonstrates that service failure severity has both affective and
cognitive implications in the OCR context. Results suggest that service failure severity
positively impacts consumers’ anger, while negatively impacting their cognitively formed
inferences about service quality. Furthermore, anger negatively impacts service quality.
This study offers evidence that service quality inferences may be directly impacted by
service failure severity. In addition, however, a discrete emotion; namely, anger, may
serve as an important mechanism that impacts how consumers form cognitive inferences.
These results add to the discussion on how affect and cognition function in human
behavior. Indeed, recent psychology literature suggests that emotion regulates basic

45

cognitive processes. Using self-report measures, the first study indicates that service
failure severity directly impacts both affect and cognition.
Furthermore, study one contributes to the literature on negativity bias and
emotional contagion. Indeed, negativity bias offers a good starting point for
understanding how information affects consumers’ perceptions. However, as
demonstrated in study one, it may be more useful to consider discrete negative emotions
as opposed to negative valence. By isolating anger from other negative emotions in an
experimental setting, I focused on the aspects of anger that distinguish it from other
negative emotions such as blame attribution. Since people tend to prefer to blame others
than themselves in a negative situation, study one offers evidence that the emotional
contagion effect is strong in the context of anger. The more severe the service failure
severity described in the OCR and therefore, the more anger expressed by the reviewer,
the greater the self-assessed anger in OCR readers. These contagion effects demonstrate
that anger is quite useful to study in the OCR context, since OCR readers are interested to
learn what caused the reviewer to have a negative experience with a product or service.
Finally, the findings from study one extend the literature on service failure
severity. Indeed, not all service failures are the same, but despite the focus on service
failure in the services literature, service failure severity does not often receive much
attention. Study one demonstrates the importance of considering severity and the impact
it can have on emotions and service quality perceptions. Given that the Internet is full of
OCRs that describe both minor and severe service failures, it is important to distinguish
them in the academic literature as well.
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Chapter Summary
Study one demonstrates that service failure severity has both affective and
cognitive implications in the OCR context. Results suggest that service failure severity
positively impacts consumers’ anger, while negatively impacting their cognitively formed
inferences about service quality. Furthermore, anger negatively impacts service quality.
This study offers evidence that service quality inferences may be directly impacted by
service failure severity. In addition, however, a discrete emotion; namely, anger, may
serve as an important mechanism that impacts how consumers form cognitive inferences.
In study one, anger was measured using self-report survey items; in other words,
participants had to cognitively determine how angry they were in response to the service
failure. Yet, these cognitive assessments of anger may not fully capture the experienced
emotion. The use of survey items to measure anger represents a “cognitive” measure of
anger, which could potentially be influenced by social desirability biases. For instance,
participants could have been more or less angry about the service failure as they read the
OCR compared to when they were asked about their anger, which is what was captured in
the survey. As such, it is unclear whether anger induced by a service failure is attributed
to the OCR or if it could be attributed to asking participants about their anger. As such, in
study two, I seek to gain a better understanding of the role of emotion in the service
failure context. I take a closer examination of the relationship between service failure
severity and a physiological measurement of affective response.
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CHAPTER 4
STUDY 2: MEASURING PHYSIOLOGICAL RESPONSE TO SERVICE
FAILURES IN OCRS
Chapter four focuses on unique relationships between service failure severity and
physiologically measured (a) affective response and (b) cognitive workload. Specifically,
I seek to determine whether severe service failures depicted in OCRs can generate greater
physiologically measurable emotional contagion effects. As the participants read about
the service failure described by the reviewer, they take on those emotions, as evidenced
by participants generating affective responses in real time. In this way, I demonstrate the
effects of emotional contagion by offering a more objective, real time assessment of
participants’ emotion than self-report assessments. Furthermore, as the participants read
the service failure, they experience changes in cognitive workload. This chapter develops
the hypotheses, and discusses the experimental procedure, measures, and analysis and
results related to study two.
A Closer Examination of Service Failure Severity and Physiological Measurement
Many existing OCR studies examine the effects of positive versus negative OCRs
on attitudes (i.e. Racherla and Friske 2012; Schindler and Bickart 2012) and sales (i.e.
Chevalier and Mayzlin 2006; Chintagunta, Gopinath, Venkataraman 2010; Forman,
Ghose, and Wiesenfeld 2008). Such studies follow a valence-based approach to the study
of affect and behavior. The affect-as-information model posits that people rely on their
present feelings in a heuristic fashion in order to make judgments, as long as the
experienced feelings are perceived as relevant to that judgment (Clore 1992; Schwartz
1990). In such models, researchers often study affect based on valence (i.e.

48

positive/negative), and have even concluded that “the only relevant aspect of emotions is
their valence” (Elster 1998, p .64).
Empirical research shows that service providers’ positive emotional displays can
prompt a change in consumers’ emotions (Hennig-Thurau et al. 2006). Indeed, emotional
contagion creates a ripple effect of emotions from service employees to customers. The
training approach of asking service providers to present a joyful disposition implies that
consumers are vulnerable to unconsciously “catch” service providers’ joy (Pugh 2001).
Grandey et al. (2005) showed that the authenticity of employees’ emotional displays
influences consumers’ perceived friendliness of employees. In general, this research
suggests that an employee’s emotional state can trigger changes in a customer’s discrete
emotions. While the majority of the literature on emotional contagion in the services
setting focuses on the process of positive emotional contagion, negative service
experiences are not only common, but are considered to be more impactful, as
highlighted by the negativity bias. When consumers engage in a service transaction with
the goal of achieving a certain outcome, an occurrence that blocks them from this goal
can trigger negative affective reactions to the situation (Bagozzi 1992). A service failure
is a common example of such an occurrence. Since a negative event is of higher salience
than a positive one, and has a greater impact on behavior than a positive event (Jordan
1965), it is expected that the effect of emotional contagion will be particularly strong, and
that the negativity described in the service failure will “infect” the reader of the OCR.
However, in much of the consumer behavior literature, affect is measured using
consumers’ self-report, cognitive assessments. According to social desirability bias,
consumers are motivated to bias their responses to the degree that the value is strongly
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prescribed within the social system (Fisher and Katz 2000). Indeed, since emotional
responses often occur within a few seconds, slower, more consciously derived responses
are likely to be inadequate (Hill 2003). As such, it is important to infuse more objective
measures of emotion into modern consumer behavior studies. Physiological measurement
allows researchers to read the body’s reaction to marketing stimuli through real-time
measurements, and “provides highly actionable data collected at an unconscious level”
(Hill 2003, p. 851).
Cognitive workload is an important construct of study in physiological
measurement. Cognitive workload is defined as the relationship between the cognitive
demands placed on a user by a task and the user’s cognitive resources (Wickens 2002).
The effect of cognitive workload has been demonstrated in contexts such as mental
arithmetic (Hess 1965), sentence comprehension (Just and Carpenter 1993), and letter
matching (Beatty and Wagoner 1978). Eye tracking studies in a variety of disciplines
suggest that eye tracking measures can serve as physiological measures of cognitive load.
For instance, studies have long demonstrated that participants’ pupils dilate with
increasing cognitive workload (Kahneman 1973). Beatty (1982) showed that when
people are faced with a challenging task, their pupils dilate. This phenomenon, called the
task evoked pupillary response, is used as one estimate of cognitive load. Another
measure relevant to cognitive load is fixation duration, or the amount of time the eye is
directed at some location. Longer fixations are generally believed to indicate difficulty
extracting information from a stimulus (Fitts, Jones, and Milton 1950; Goldberg and
Kotval 1998). Moreover, fixation duration is believed to reflect the time the viewer
requires to process information (Rayner 1998). But the social sciences have not yet
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explored the relationships between a service failure and physiological measures of
emotion and cognitive workload. In an effort to begin to bridge this gap, I consider the
relationship between service failure severity and the physiological measure of negative
affective response and cognitive workload, as demonstrated by analyzing facial
expressions and eye movements on a moment-to-moment basis, or in real time.
H4:

Service failure severity elicits (a) stronger negative affect and (b) reduced
cognition on the part of the OCR reader.
Overview of Experiment 2
Experiment two uses a two-condition within-subjects design. It tests whether

service failure in the OCR context generates physiological affective response and
cognition. I predict that participants who are assigned to the severe service failure
condition experience greater negative affective responses and reduced cognition than
those who are assigned to the minor service failure condition. To test these hypotheses, I
conduct t-tests to compare means between minor versus severe service failures on
negative affect, as well as on cognition, specifically, pupil dilation and fixation duration,
as each participant reads the OCR stimulus.
Experimental Stimuli
The experiment for study 2 utilized the same OCR content as in study 1, in which
service failure severity is manipulated (minor/severe). The OCR described a situation
where a tenant submitted proof of his or her insurance to the office staff but they continue
to contact the tenant to claim they have not received it. The severe service failure
condition concludes with the tenant being notified that he or she is going to be evicted
from the apartment complex, while the minor service failure condition concludes with the
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office staff eventually confirming that they received a copy of the tenant’s insurance. In
this way, the outcome service failure, which is related to the core service offering,
remained the same, but the process service failure, which is related to the manner in
which the service is delivered (Smith and Bolton 1998), varied across the two conditions.
Again, the reviewer’s username is anonymous so that the participants could not infer
gender perceptions. Instead of the OCR content appearing in a basic paragraph, as in
study one, participants viewed the OCR on a simulated webpage created for experimental
purposes, as shown in Appendix C. In addition to the service failure, each OCR contained
additional information, including introductory information about the tenant’s experience
with the apartment community and the date the OCR was written, which was a few
months before the time of data collection. In addition, each condition included
advertisement and social media information on the right side of the screen, to simulate a
real OCR environment.
Experimental Procedure
Undergraduate students at a major southeastern university were recruited to
participate in the study in exchange for extra credit. A total of 14 subjects participated in
the study, with seven participants per condition. Although there is not a single sample
size that is appropriate for all physiological measurement studies, in general, betweensubjects studies call for larger samples than within-subject studies (Adamczyk and Bojko
2010). Since the experiment used a two-condition within-subjects design, and the data
was collected on a moment-to-moment basis, the total sample size equaled the total
number of unique data points collected on each dependent variable as the participants
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viewed the stimulus, as opposed to the number of subjects. As such, the sample size
equaled 26,269 (negative affect), 23,957 (pupil dilation), and 14,106 (fixation duration).
The subjects reported to the Customer Neuro-Insights Research Laboratory (“CNRL”) at The University of Memphis to participate in the study one at a time. Each
participant was randomly assigned to one of the experimental conditions, an example of
which is provided in Appendix C. Participants were greeted and directed to walk behind a
partition to sit in a stationary chair in front of a clean desk with a computer monitor, a
keyboard, and mouse, as shown in Appendix D. On the other side of the partition, I
instructed participants to sit up straight in their chair throughout the study. I used a
separate laptop, as shown in Appendix E, to calibrate their eyes to the equipment, and an
additional laptop for note taking purposes. Then, I instructed the participant (a) to view
the information that would appear on the screen as they normal would and (b) not to use
the keyboard or mouse until I told them to do so. Next, they were shown the following
instructions on the computer screen:
“Imagine that you are in the process of searching for a new apartment in the area.
You have narrowed down your options to several properties, all of which are priced the
same. Now, you have decided to visit an online review website to see what others have to
say. Please browse the following page and read the review for one of your options, Forest
Way Apartments.”
After ten seconds, the instructions automatically disappeared and one of the
randomly assigned experimental manipulations appeared in its place. Since each OCR
was approximately 325 words in length, and the average reading speed of an
undergraduate student is 300 words per minute (Thomas 2014), each participant was
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exposed to the experimental manipulation for 75 seconds. At the end of the 75 seconds,
the experimental manipulation disappeared and a brief survey appeared in its place. After
using the keyboard and mouse to complete the survey, the participant was thanked for his
or her participation and dismissed from the laboratory. On average, the entire experiment
lasted approximately ten minutes.
Data and Measurement
The outcome variables of interest, specifically, negative affect, pupil dilation, and
fixation duration, were captured using real time, automated facial expression and eye
tracking technologies. By tracking one’s eye movements, eye-tracking technology can
offer insight into one’s cognitive processes. Eye movements are well-established
measures of cognition (Teixeira, Wedel, and Pieters 2012). Eye tracking research is based
on the strong eye-mind hypothesis (Just and Carpenter 1980), which states that no
appreciable lag exists between what is fixated and what is being processed. As such, eyetracking technology can be used to determine how much of a text is read and how
difficult it is to read. Eye tracking has been demonstrated as a useful method for
understanding how people solve problems (Grant and Spivey 2003; Knoblich, Ohlsson,
and Raney 2001), evaluate arguments (Wiley 2001), comprehend text (Just and Carpenter
1980; O’Brien et al. 1997), and comprehend advertisements (Fox et al. 1998; Rayner et al.
2001).
The ability to express emotional states is a critical part of humans’ existence
(Hancock et al. 2007). Researchers have examined the relationship between emotions and
facial expressions for 150 years. Facial expressions communicate emotions (Darwin
1872), and researchers have determined distinct and universal facial expression for a
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variety of emotions, including joy, surprise, disgust, and fear (Ekman 1999). The Facial
Actions Coding System (Ekman and Friesen 1978) is a well-established methodology to
assess facial expressions and experienced emotions, as well as action units affiliated with
particular emotions. For instance, Ekman and Friesen (1978) posit that anger, as a
discrete emotion, is comprised of action units such as brow lowering, upper lid raising,
lid tightening, and lip tightening.
While the Facial Action Coding System (“FACS”) is considered to be a
comprehensive description of facial behavior, traditionally, it is a manual process,
meaning that human researchers who have been trained in FACS coding must observe
and record subjects’ facial expressions. However, micro-expressions are very small and
can occur very quickly, which can lead investigators to misinterpret or neglect
expressions. Furthermore, expert coders must be trained, which can add to research costs.
As such, manual FACS coding is laborious and susceptible to errors (Cohn, Ambadar,
and Ekman 2006). Recent developments in automated facial expression analysis allows
for the continuous and nonintrusive measurement of facial expressions and provides more
objective measures of emotional responses, compared to self-report measures (Teixeira,
Wedel, and Pieters 2012). Barratt et al. (1999) suggest that automated facial expression
analysis is not only more efficient than human coders, but just as accurate. Little is
known about the role of cognition and affect in consumer processing of reviews, much
due to the lack of facial expression analysis in prior OCR research. Thus, the study of
attention and emotions on a moment-to-moment basis in study two can lead to a better
understanding of the effectiveness of various OCR elements.
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I used the FACET module in the iMotions Attention Tool platform (iMotions
2014) to automatically detect facial micro-expressions that are evident in negative affect.
The FACET module collects data on a moment-to-moment basis, which means that a set
of unique observations is collected every 16 milliseconds. Each participant was exposed
to the manipulation for 75 seconds, which resulted in millions of unique data points.
However, it was important to only assess the micro-expressions a participant experienced
while reading the service failure, instead of the entire OCR. Therefore, I created an area
of interest (“AOI”) that started with the first word of the description of the service failure
in the OCR, and ended with the last word of the description of the service failure in the
OCR, an example of which is provided in Appendix F. Focusing on the negative affect
the participants experienced in the AOI allowed me to isolate the effects of the service
failure. Again, the total number of unique data points accounted for in the AOI was
26,269, which represents the sample size, since the unit of analysis was the total number
of data points, as opposed to the number of subjects.
The FACET module provides logarithmic evidence scores that represent the odds,
on a logarithmic (base 10) scale, of a particular emotion being present as the participant
reads the AOI in real time. For instance, an evidence value of 1 in the negative affect
channel means that the observed expression is ten times more likely than not to be
categorized by an expert human coder as experiencing negative affect. Negative affect is
defined as anger, contempt, disgust, fear, and sadness (Emotient 2015).
Pupil dilation and fixation duration were measured using a Tobii T60 XL remote
eye-tracking device, which operates at a sampling rate of 60 Hz. This allows for a set of
unique observations to be collected every 16 milliseconds. Pupil dilation was
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operationalized as the change in the size of the pupil in the eye, in millimeters, and has
been used in a variety of eye tracking studies to measure cognitive workload (i.e. Beatty
1982). The total number of unique data points accounted for in the AOI was 23,957,
which represents the total number of data points for the pupil dilation variable. Fixation
duration was operationalized as the amount of time the eye is directed at some location,
in milliseconds, and has long been considered a critical eye tracking measure to study
cognitive workload (i.e. Fitts, Jones, and Milton 1950). The total number of unique data
points accounted for in the AOI was 14,106, which represents the total number of data
points for the pupil dilation variable. I used the same survey items from study one to
collect information related to online review and social media use, relevancy of the
apartment context, and demographics.
Analysis and Results
To test the relationships posited in hypothesis 4, I conducted t-tests to compare
the averages of the affective and cognitive variables of interest for the minor versus the
severe service failure severity conditions. Recall that the total sample size equaled the
total number of unique data points collected on each dependent variable as the
participants viewed the stimulus, as opposed to the number of subjects. As such, the
sample size equaled 26,269 (negative affect), 23,957 (pupil dilation), and 14,106 (fixation
duration). As shown in Table 2, the results indicate that participants exposed to severe
service failures experience more negative affect (t = 14.9): MMinor = -0.42, MSevere = -0.29,
p < .000). Furthermore, results indicate that participants exposed to severe service
failures experience less pupil dilation (t = 25.0): MMinor = 3.03, MSevere = 2.90, p < .000)
and fixation duration (t = 28.0): MMinor = 238.30, MSevere = 192.40, p < .000). In general,
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these results provide support for H4. Indeed, the results of study 2 suggest that service
failure severity elicits greater negative affective response and reduce cognitive workload
from the OCR reader.

TABLE 2: T-TEST RESULTS FOR STUDY 2

t-value
Dependent Variable
Negative Affect
Pupil Dilation
Fixation Duration

Mean
(Minor
Condition)

14.9
25.0
28.0

-0.42
3.03
238.30

Mean
(Severe
p-value
Condition)
-0.29
2.90
192.40

0.000
0.000
0.000

Study 2 Discussion
In study two, I study negative affect and cognitive workload on a moment-tomoment basis; that is, I measure participants’ negative affective responses and cognition
in real time during the experiment. Not only does this allow me to measure participants’
negative affective responses and cognition as they read an OCR, but it also allows me to
isolate the investigation of the affect and cognitive workload they experienced as they
read the service failure portion of the OCR. In this way, I focus my analysis on the
negative affect, pupil dilation, and fixation duration experienced at a specific point-ofinterest. As such, study two establishes relationships between service failure severity and
physiologically measured negative affect and cognitive workload. This extends the
findings from study one, which established relationships between service failure severity,
emotion, and cognition using survey measurement. Capturing physiological affective and
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cognitive reactions to service failure severity in real time is very new to the literature, and
has not yet been established in a marketing context.
Furthermore, study two establishes affective and cognitive responses that could be
relevant in studying service failure severity and emotional contagion. First, I demonstrate
that severe service failures lead to greater negative emotion than minor service failures,
which builds on literature that examines negative emotion in the OCR context (i.e.
Racherla and Friske 2012; Schindler and Bickart 2012), by demonstrating this effect
using physiologically measured negative emotion, as opposed to survey measures.
Second, I show that severe service failures lead to greater reduced cognition than minor
service failures, which demonstrates the impact of service failure severity on cognitive
workload measures. This extends the OCR research that examines cognitively driven
outcome variables to consider physiologically measured variables that have long been
considered important in the eye tracking literature.
As described in study two, the moment-to-moment data collected using eye
tracking and automated facial expression analysis technologies generates millions of data
points. Since these data points serve as the unit of analysis in study two, as opposed to the
individual serving as the unit of analysis in the first study, the sample size in study two is
quite large. However, these results are practically significant in the consumer behavior
literature. By comparing the means in the minor versus severe service failure conditions,
I am demonstrating that there are moment-to-moment differences between the minor and
severe conditions across the three physiologically measured dependent variables. Indeed,
the differences in micro-expressions and eye movements for minor and severe conditions
suggest that severe service failures lead to greater negative affect and reduced cognitive
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workload compared to minor service failures. In general, the findings from study two
enhance the OCR, service failure, and emotional contagion literature streams by
demonstrating that observers exhibit emotion and cognition that are related to the
negativity expressed in OCRs that describe service failures.
Chapter Summary
As demonstrated in study two, studying emotion and cognition on a moment-tomoment basis can lead to a better understanding of the effectiveness of various OCR
elements. Furthermore, the use of physiological measurement helps to more clearly
delineate the roles of implicit processes in consumer response to OCR information. As
such, I turn my attention to moment-by-moment measures of emotion and behavior in
study three.
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CHAPTER 5
STUDY 3: ANGER AND AVOIDANCE: MODERATING EFFECTS OF
LANGUAGE IN CONSUMER RESPONSE TO SERVICE FAILURES DEPICTED
IN OCRS
“Our faces are organs of emotional communication.” (Khatchadourian 2015).
Chapter five uses physiological measurement to demonstrate the relationships between
service failure severity, emotion, behavior, and linguistic elements in OCRs. Specifically,
I seek to determine whether severe service failures lead to greater anger and avoidance
behavior, measured physiologically, than minor service failures. I also investigate the
moderating effect of an important linguistic element, referential cohesion, on these
relationships. This chapter builds on chapter four to highlight the importance of
emotional contagion in an OCR context. As the participants read about the service failure
described by the reviewer, they take on those emotions and behaviors, as evidenced by
participants generating anger and avoidance behavior in real time. Although linguistics
has only begun to be studied in the marketing literature, particularly in the OCR context,
study three highlights the importance of the effects of language. In particular, it hones in
on language elements used in the OCR to demonstrate the role of linguistics in the
transfer of emotions and behavior. I posit a dual process model based on the approachavoidance literature to explain the effects of service failure severity and linguistic
elements on discrete emotion and behavior outcomes. Chapter five develops the
hypotheses, and discusses the manipulation check, experimental procedure, measures,
and analysis and results related to study three.
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The Impact of Service Failure Severity on Anger, as Measured by Facial
Expressions
Recall that service failure severity is defined as the magnitude of loss that
customers experience due to a service failure. These losses can be tangible such as a
monetary loss, or intangible such as anger. Marketing studies demonstrate that severe
service failures lead to greater customer dissatisfaction than mild failures (i.e. Hoffman,
Kelley, and Rotalsky 1995; Dunning, Pecotich, and O’Cass 2004); as such, the
relationship between service failure severity and satisfaction is well founded. However,
in most service failure severity studies, satisfaction is the outcome variable of interest,
which tends to be measured using self-report survey items. Studying customer
satisfaction only scratches the surface. As stated by Hill (2003, p. 696), “Given the
estimate that the vast majority of our mental activity doesn’t occur on a fully conscious
basis, any methodology that can’t access more intuitive reactions isn’t robust enough.”
Marketing research must move beyond the study of satisfaction and increase its ability to
understand emotions.
However, valence-based approaches may not provide a robust understanding of
how affect works. Thus, generalizing findings about OCRs that are negative in valence
may not account for the distinct effects of discrete emotions (Fontaine et al. 2007). Calls
to move beyond valence in examining the effect of emotions (Lerner and Keltner 2000)
have started to generate scholars’ interest in understanding discrete emotions in an OCR
context. For instance, Yin, Bond, and Zhang (2014) examined the impact of anxiety and
anger on OCR helpfulness. To extend this line of research, I examine the impact of OCRs
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on consumers’ experiencing of discrete emotions, as well as on other physiological facial
movements.
Anger, in particular, is considered to be the most dominant affective reaction to
service failures (Kalamas et al. 2008). It tends to occur when consumers attribute a goal
incongruent event to external sources (Roseman 1991) such as when a company has
control over the problem. Most often, consumers experience anger when they meet a
barrier to a goal, perceive that barrier to be unjustified, want to rid themselves of the
barrier, and punish the party responsible for putting it there (Hill 2003). In other words,
anger is affiliated with goals that are being interfered with. In the OCR context, such an
obstruction of goals may be akin to a consumer who experiences a service failure during
the course of a service encounter. Furthermore, anger is often a reaction that precedes a
consumer seeking to communicate a wrongdoing with others. Since they can attribute
blame to others instead of themselves, expressers of anger are more likely to seek to
emotionally involve observers in such an incident. The services literature has used
manual facial expression coding to demonstrate the effects of emotional contagion in a
services context. For instance, service providers are vulnerable to unknowingly “catch”
consumers’ negative emotions during complaint interactions (Dallimore, Sparks, and
Butcher 2007). Furthermore, Du, Fan, and Fend (2011) find that customers report a
decrease in their negative emotions when they view a positive emotional display from
employees during a service recovery. These studies suggest that during service
interactions, emotional contagion is a bi-directional interactive process. Therefore, I
expect emotional contagion effects to hold in an online complaint environment such as
OCRs. Given that the loss incurred from a severe service failure is greater than the loss
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from a minor failure (Hess, Ganesan, and Klein 2003) and that failures of larger
magnitudes may be especially likely to activate emotions such as anger (Sanbonmatsu
and Kardes 1988), I expect that severe service failures described in OCRs will lead to
increased observer anger compared to minor service failures.
H5:

Service failure severity positively impacts anger, as expressed by changes in
facial expressions.

The Moderating Effect of Referential Cohesion on the Relationship Between Service
Failure Severity and Anger
Although the marketing literature has considered the impact of service failure
severity on satisfaction-related outcome variables, few studies have examined moderating
effects. Hess (2008) finds that the effect of firm reputation is more pronounced for minor
failures compared to severe failures. Smith, Bolton, and Wagner (1999) focus on service
recovery, and find that an apology has a greater positive effect on perceived justice for
minor compared to severe failures. While such studies are useful to better understand
service failure severity, the impact of the language elements used in a service failure has
not yet been studied in a service failure context.
Words reflect information about consumers’ personalities and the social
relationships they are in, and language is considered to be the most common way for
people to translate their internal cognitions and emotions into a form that other people
can understand (Tausczik and Pennebaker 2010). In general, psycholinguistics applies
psychological theories to better understand how languages are processed (Lowrey 1998).
Consumer behavior studies that examine psycholinguistics explore how language
processes affect consumer behavior in the marketplace (Yorkston and de Mello 2005).
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One stream of literature studies the structure of written language and its effect on the
processing of information (Tavassoli 1999; Tavassoli and Han 2001). Mothersbaugh,
Huhman, and Franke (2002) found that rhetorical figures affect consumers’ ad
processing; specifically, schemes create more of a focus on the entire ad, while tropes
lead to a selective focus on message-related ad elements. Other literature considers how
language classifiers influence how products are associated and categorized (Schmitt and
Zhang 1998) and how this categorization affects message processing, recall, and
evaluation of products and brands (Schmitt, Pan, and Tavassoli 1994). In general, the
application of psycholinguistics in consumer behavior offers interesting opportunities for
researchers to understand how consumers process information, but remains largely
unexplored. Indeed, language possesses features that are quite effective in signaling
emotions (D’Mello and Graesser 2012). Therefore, it is fruitful to consider the effects of
how a service failure is written.
Graesser and McNamara (2011) develop a multilevel theoretical framework for
language and discourse processing. This framework considers discourse at a variety of
levels, including words (word concreteness), syntax (syntactic simplicity), textbase
(referential cohesion), situation model (causal, logical, and temporal cohesion), and genre
and rhetorical structure (narrativity). Given that referential cohesion has been found to
explain the most variance in text characteristics (Graesser, McNamara, and Kulikowich
2011), I focus on this dimension.
Cohesion is an objective property of the language in a text, and refers to the
connectedness of concepts presented in a text and lies in the text or discourse (Graesser,
McNamara, and Louwerse 2003). Cohesion generates order within a text by tying
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together the sentences in text at a semantic level, which helps the reader to understand the
ideas in the text (McNamara et al. 2014). In this way, it is observable within a text and is
considered to be the linguistic glue that holds together the events and concepts conveyed
within a text. In essence, cohesion ties together sentences in a text at a semantic level and
helps the reader better understand ideas in the text. Difficult texts have many cohesion
gaps, and if the reader does not have enough knowledge to fill these gaps, then
comprehension can suffer (McNamara and Kintsch 1996). In essence, cohesion
determines how challenging a text is and how well a reader will understand it.
Referential cohesion, in particular, refers to the extent to which explicit content
words, or words that convey the content of communication such as nouns, verbs,
adjectives, and adverbs (Tausczik and Pennebaker 2010), and ideas in the text are
connected with each other as the text unfolds. Text is easier for the reader to process
when a common reference word occurs between two sentences (McNamara et al. 2014).
A gap in referential cohesion occurs when a sentence has few words that overlap with
surrounding sentences. Cohesion gaps require the reader to make inferences using either
world knowledge or previous textual information. Several linguistics studies have
examined the effects of gaps in referential cohesion, or low referential cohesion, on affect.
For example, D’Mello, Dowell, and Graesser (2009) find that low referential cohesion is
related to confusion and frustration. This may occur because consumers devote a
significant amount of cognitive resources to experiencing and regulating frustration rather
than on constructing meaningful responses. Consistent with the idea that consumers’
attention may narrow as they concentrate on an anger-inducing event (Ellis et al. 1995), I
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posit that referential cohesion negatively impacts the relationship between service failure
severity and anger.
H6:

Referential cohesion negatively moderates the relationship between service failure
severity and anger such that the relationship is stronger under conditions of low
referential cohesion.
The Impact of Service Failure Severity on Avoidance Behavior
One of the most primitive discriminations people make between stimuli is those

that warrant approach and those that warrant withdrawal. When one dislikes something,
he or she tends to withdraw from it (Cacioppo, Klein, Berntson, and Hatfield 1993). The
idea of approach versus withdrawal has long been studied in appraisal theories of
emotion (Frijda 1986; Scherer 1987). Indeed, much of the theory in modern psychology
focuses on the idea that appetitive and aversive motivational systems are core elements in
the organization of human behavior (Miller and Dollard 1941). Approach and avoidance
are basic responses associated with appetitive and aversive motivations, respectively
(Cacioppo and Berntson 1994). Aversive is defined as “to turn away from,” whereas
appetitive means, “to go to, head for, or strive after” (Merriam-Webster 2005). Thus,
aversive simply refers to that which elicits avoidance. Appetitive does not mean
“appealing,” but rather, that which elicits approach.
Evidence from the psychology literature indicates that approach-avoidance
motivation can be distinguished as separate emotions systems in the human brain. Early
research suggested that positive affect is affiliated with activity in the left frontal cortical
region of the brain, whereas negative affect is affiliated with the right frontal cortical
region of the brain. However, more recent research concerts that avoidance motivation is
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associated with greater right-frontal activation, while approach motivation is associated
with left-frontal activation (Davidson 1993). In sum, it appears that brain activity is not
divided by positive versus negative affect, but approach versus avoidance behaviors.
Emotions can be distinguished from one another based on motivational
orientations associated with them, and anger is a particularly telling example of this effect
(Adams et al. 2006). In the approach-avoidance literature, anger is often considered to be
an approach emotion because anger arouses a strong motivation to correct a perceived
wrong (Hess 2014). Specifically, an angry person mobilizes his or her energy and focuses
his or her attention on redressing the appraised wrong (Roseman, Wiest, and Swartz
1994). However, most of the approach-avoidance literature focused on anger considers
anger from the point of view of the expresser of that anger. While such research is
extremely useful for better understanding how an individual reacts when a source of
injury happens to himself or herself, it is less indicative of how others may react to the
event. The psychology literature demonstrates that approach-avoidance behavior is
consistent in certain expressions for expressers and observers (Davidson 1992). For
example, joy conveys both a heightened likelihood of approach by an expresser and by an
observer. However, negatively valenced emotions do not follow suit. An expresser of
anger conveys a heightened likelihood of approach (i.e. aggression), but an observer of
anger tends to convey avoidance (Adams et al. 2006). This avoidance is particularly
evident when a stimulus is threatening to observers. In other words, if the expresser’s
anger could have implications for an observer, the observer is more likely to exhibit
aversive behaviors.
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Importantly, the present study focuses on observers’ physiological, emotional
responses to an OCR, as opposed to the expresser, who is, in this case, the online review
writer. In line with the approach-avoidance literature that suggests the effects of anger are
different for observers than expressers, I suggest that anger’s contagion will lead to
aversion behavior in observers. When observers read OCRs, they understand that what
the expresser is describing could happen to them if they choose to purchase the product
or service that is being described in the OCR. Although little research has been conducted
to test the notion that emotional expressions convey behavioral intent, experiencing
certain emotions elicits approach-avoidance tendencies (Marsh, Ambady, and Kleck
2005); in this case, observers experiencing anger is likely to lead to avoidance tendencies.
As such, I hypothesize that service failure severity will positively impact avoidance
behavior as a result of the impact of anger on avoidance behavior.
H7:

Service failure severity positively impacts avoidance behavior.

The Moderating Effect of Referential Cohesion on the Relationship Between Service
Failure Severity and Avoidance Behavior
In addition to the previously discussed usefulness of examining language effects,
focusing on linguistic elements creates opportunities to consider the effects of service
failure severity from a cognitive perspective. The theory of priming (Dell, McKoon, and
Ratcliff 1983) is a useful mechanism to explain the effects of referential cohesion.
Lexical priming refers to a concept that may be unconscious in working memory but is
activated to a certain extent, which facilitates the processing of it. Priming often emerges
from direct overlap in words, and is related to the connections between ideas and the
affiliated activation between those connections. Lexical priming occurs when the
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response to a target word varies as a function of the preceding linguistic content (Hoey
2005). Indeed, individuals come to expect the occurrence of a given word based on the
previous words they encounter in a text. When this word does not occur or an unexpected
idea or word occurs in its place, a disruption occurs in consumers’ processing.
Consumer responses are elicited faster and more accurately in texts where prime
words and target words are highly related, as in high referential cohesion texts. Indeed, a
text that is high in referential cohesion is characterized by word and argument overlap,
which gives a consumer increased opportunity to follow and react to the text. As such, it
is expected that referential cohesion will play an important role in explaining the
behavioral impact of service failure severity. Given that lexical priming and high
referential cohesion texts facilitate effective communication (Jones and Estes 2012), I
hypothesize that high referential cohesion texts will more effectively convey the service
failure severity in the OCR, which will increase behavioral reactions to the severity.
H8:

Referential cohesion positively moderates the relationship between service failure
severity and avoidance behavior such that the relationship is stronger under
conditions of high referential cohesion.
Overview of Experiment 3
Experiment three focuses on physiological measures of emotion and behavior.

Experiment three consists of a 2 (service failure severity: minor versus severe) x 2
(referential cohesion: high versus low) within-subjects experiment. As such, it tests the
relationships among service failure severity, anger, avoidance behavior, and referential
cohesion. I predict that participants who read severe service failures will experience more
anger and greater avoidance behavior, measured on a moment-to-moment basis, than
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those who read minor service failures. Additionally, I predict that referential cohesion
will negatively (positively) moderate the relationships between service failure severity
and anger (avoidance behavior). I manipulate service failure severity and referential
cohesion and measure participants’ emotional and behavioral reactions in real time. To
test hypotheses 5 and 6, I use random-effects logistic regression analysis, and to test
hypotheses 7 and 8, I use random-effects GLS regression.
Experimental Stimuli and Manipulation Check
The OCR in each condition described the same core service failure, in which the
reviewer moved in to an apartment community and then was notified that he or she had
not submitted a copy of their insurance policy. In the OCR, although the tenant would
continue to submit copies of his or her policy, the staff claimed to not have received it.
The severe service failure conditions conclude with the tenant being notified that he or
she is going to be evicted from the apartment complex, while the minor service failure
conditions conclude with the office staff eventually confirming that they received a copy
of the tenant’s insurance. In this way, the outcome service failure, which is related to the
core service offering, remained the same, but the process service failure, which is related
to the manner in which the service is delivered (Smith and Bolton 1998), varied across
the two conditions.
In addition to service failure severity, I manipulated referential cohesion via noun
and argument overlap, with high (low) noun and argument overlap in the high (low)
referential cohesion conditions. As in study 2, the reviewer’s username is anonymous so
that the experiment participants could not infer gender perceptions. Each OCR contained
additional information, including introductory information about the tenant’s experience
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with the apartment community and the date the OCR was written, which was
approximately two months before the time of data collection. In addition, each condition
included advertisement and social media information on the right side of the screen, to
simulate a real OCR environment.
An analysis of variance (ANOVA) was conducted to test the effectiveness of the
service failure severity manipulations. Amazon Mechanical Turk workers whose native
language is English were recruited to participate in the study in exchange for monetary
payment ($0.20 per participant). A total of 60 subjects participated in the study, with 15
participants per condition. Each participant was randomly assigned to one of the
experimental conditions, and was instructed to browse the text of an OCR in the
apartment industry context created for experimental purposes. Service failure severity
was measured using a seven-point, three-item, semantic differential scale from Hess,
Ganesan, and Klein (2003). The results indicate that the severity manipulation was
significant (F = 4.53; p < .01). Participants who read the minor x high referential
cohesion service failure (M = 4.05) and minor x low referential cohesion service failure
(M = 4.38) perceived those OCRs to be significantly more severe than the severe x high
referential cohesion service failure (M = 6.00) and severe x low referential cohesion
service failure (M = 5.64; p < .05).
Although there are different ways to vary referential cohesion (i.e. create high vs.
low RC texts), McNamara, Crossley, and McCarthy (2010) found that the largest
differences occur for noun and argument overlap. Thus, in study 3, I used Coh-Metrix
(Graesser et al. 2004), a textual analysis tool that objectively measures the characteristics
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of a text, to manipulate noun and argument overlap. In this way, I created the high and
low referential cohesion manipulations.
Experimental Procedure
Undergraduate students at a major southeastern university were recruited to
participate in the study in exchange for extra credit. A total of 96 subjects participated in
the study, with 24 participants per condition. Approximately 55% of the participants were
male. Subjects ranged from 19 to 50 years of age, with a mean of 23.5 years. Eighty-six
percent of participants read OCRs at least once per month, and 97.5% of subjects use
social media on a daily basis, which indicates that the sample is familiar with the online
environment and user-generated content.
As in study 2, the subjects reported to the Customer Neuro-Insights Research
Laboratory (C-NRL) at The University of Memphis to participate in the study one at a
time. Each participant was randomly assigned to one of the experimental conditions.
Participants were greeted and directed to walk behind a partition to sit in a stationary
chair in front of a clean desk with a computer monitor, a keyboard, and mouse, as shown
in Appendix D. On the other side of the partition, I instructed participants to sit up
straight in their chair throughout the study. I used a separate laptop, as shown in
Appendix E, to calibrate their eyes to the equipment, and an additional laptop for note
taking purposes. Then, I instructed the participants to (a) to view the information that
would appear on the screen as they normal would and (b) not to use the keyboard or
mouse until I told them to do so. Next, as in study 2, they were shown the same
instructions on the computer screen:
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“Imagine that you are in the process of searching for a new apartment in the area.
You have narrowed down your options to several properties, all of which are priced the
same. Now, you have decided to visit an online review website to see what others have to
say. Please browse the following page and read the review for one of your options, Forest
Way Apartments.”
After ten seconds, the instructions automatically disappeared and one of the
randomly assigned experimental manipulations appeared in its place. Since each OCR
was approximately 325 words in length, and the average reading speed of an
undergraduate student is 300 words per minute (Thomas 2014), each participant was
exposed to the experimental manipulation for 75 seconds. At the end of the 75 seconds,
the experimental manipulation disappeared and a brief survey appeared in its place. After
using the keyboard and mouse to complete the survey, the participant was thanked for his
or her participation and dismissed from the laboratory. On average, the entire experiment
lasted approximately ten minutes.
Data and Measurement
Anger was captured using the FACET module in the iMotions Attention Tool
platform (iMotions 2014) to automatically detect facial micro-expressions that are
evident in anger as a discrete emotion. As in study two, it was important to only assess
the micro-expressions a participant experienced while reading the service failure, instead
of the entire OCR. Therefore, I created an AOI that started with the first word of the
description of the service failure in the OCR, and ended with the last word of the
description of the service failure in the OCR.
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The FACET module provides logarithmic evidence scores that represent the odds,
in a logarithmic (base 10) scale, of a particular emotion being present as the participant
reads the AOI in real time. For instance, an evidence value of 1 in the anger channel
means that the observed expression is ten times more likely than not to be categorized by
an expert human coder as experiencing anger (Emotient 2015). Taking the inverse log, an
evidence score of 0.5 equates to a human coder being 3.2 times more likely than not to
rate the subject as experiencing anger. I used a threshold of 0.5 in order to focus on the
data that was most relevant to occurrences of anger in the AOI. In this way, I isolated
significant instances of anger, as opposed to minor occurrences.
Avoidance behavior was measured using a Tobii T60 XL remote eye-tracking
device, which operates at a sampling rate of 60 Hz. This allows for a set of unique
observations to be collected every 16 milliseconds. Avoidance behavior was
operationalized as distance from the screen, as measured in millimeters. Distance is a
relatively new measure in the eye tracking literature, but is a compelling measure that
increases the robustness of the eye tracking measures from those that are commonly used.
As suggested in a study by Ramsøy et al. (forthcoming), eye tracking arousal measures
such as pupil dilation need to be extended upon to provide a more complete picture of the
responses consumers have to stimuli. The team uses eye tracking to detect a positive
relationship between participants’ distance from the screen and preference for clothing
brands. As such, I answer Ramsøy and colleagues’ call for the use of more robust eye
tracking measures and use distance from the screen to operationalize avoidance behavior.
Finally, survey items captured information related to online review and social media use,
relevancy of the apartment context, and demographics.

75

Analysis and Results
Since the first dependent variable of interest, anger, is categorical (greater than
0.5 threshold/less than 0.5 threshold), I used random-effects logistic regression analysis
in Stata 13 (StataCorp 2013) to test hypotheses 5 and 6. Importantly, due to the granular
nature of moment-to-moment data, I accounted for variance attributed to previously
expressed emotions by including a one-period, or 16-millisecond, lag for anger. The
results suggest a good model fit in both the main effects model (W = 2261.56, p < 0.000)
and the interaction model (W = 2947.56, p < 0.000). The Wald statistic is similar to the
omnibus F statistic in regression, but is appropriate for time series data, as is the case
with study three, where I examine moment-to-moment observations over the course of
the stimulus exposure and take into account the variance attributed to previously
expressed emotions. As shown in Table 3, the results of the main effects model indicate
that service failure severity positively impacts anger (β = 1.1, p < .001); thus, hypothesis
5 is supported. Although not hypothesized, the main effect of referential cohesion is not
significant (β = 1.79, p < 0.25). In support of hypothesis 6, the interaction of service
failure severity and referential cohesion negatively impacts anger (β = -5.22, p < .05). It
should be noted that although the research design in study three uses a 0.5 threshold, the
results are robust in that there is evidence of significant results at multiple thresholds.
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TABLE 3: INTERACTION MODEL RESULTS FROM RANDOM-EFFECTS
LOGISTIC REGRESSION ON ANGER
Estimate* p-value
Dependent Variable: Anger
Service Failure Severity (H5)
Referential Cohesion (not hypothesized)
Service Failure Severity x
Referential Cohesion (H7)
Controls
Anger (lag1)
*W = 2947.56, p < 0.000

1.10
1.79

0.00
0.25

-5.22

0.00

8.51

0.00

Since the second dependent variable of interest is continuous, I used randomeffects GLS regression in Stata 13 to test hypotheses 7 and 8. I accounted for variance
attributed to previously expressed emotions and fixations by including a one-period, or
16-millisecond, lag for anger and avoidance behavior. The results suggest a good model
fit in both the main effects model (W = 424932.83, p < 0.000) and the interaction model
(W = 359329.16, p < .000). Recall that the Wald statistic is similar to the omnibus F
statistic in regression, but is appropriate for time series data, as is the case with study
three, where I examine moment-to-moment observations over the course of the stimulus
exposure and take into account the variance attributed to previously expressed emotions.
As shown in Table 4, the results of the main effects model indicate that service failure
positively impacts avoidance behavior (β = .78, p < .000); thus hypothesis 7 is supported.
Although not hypothesized, the main effect of referential cohesion is not significant (β = 3.45, p < 0.16). In support of hypothesis 8, the interaction of service failure severity and
referential cohesion on avoidance motivation positively impacts anger (β = 8.15, p < .05).
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TABLE 4: INTERACTION MODEL RESULTS FROM RANDOM-EFFECTS GLS
REGRESSION ON AVOIDANCE BEHAVIOR
Estimate* p-value
Dependent Variable: Avoidance Behavior
Main Effects and Interaction Effect
Service Failure Severity (H6)
Referential Cohesion (not hypothesized)
Service Failure Severity x
Referential Cohesion (H8)
Controls
Anger (lag1)
Avoidance Behavior (lag1)
*W = 359329.16, p < .000

0.78
-3.45

0.00
0.16

8.15

0.05

0.77
8.05

0.00
0.00

Study 3 Discussion
Given the importance of studying emotions in real time, study three focuses on
physiologically based data to investigate discrete emotions as well as actual behavior.
Study three builds on studies one and two by using moment-to-moment, physiologically
based data to study discrete emotions and actual behavior in an OCR context. Results
suggest that service failure severity positively impacts anger and avoidance behavior.
Furthermore, study three addresses the importance of language effects, particularly,
referential cohesion. Results indicate that referential cohesion negatively (positively)
moderates the relationship between service failure severity and anger (avoidance
behavior).
First, study three expands the literature on service failure severity by
demonstrating that service failure severity impacts anger, a discrete emotion. This finding
extends this relationship from study one, which showed that service failure severity
positively impacts anger, by demonstrating that this relationship exists in a physiological
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context. This study demonstrates the importance of moving the service failure severity
construct beyond its relationship with satisfaction and onto new outcome variables such
as physiologically based anger and avoidance.
Furthermore, study three contributes to the literature on emotional contagion. An
individual’s subjective emotional state is continuously affected by the activation and/or
feedback from unconscious behavioral mimicry of their interaction partner’s expression
of emotion, even as expressed through words. This emotional contagion occurs at
automatic levels (Hatfield, Cacioppo, and Rapson 1994). Findings from study three
suggest that the anger expressed in the text of an OCR can “infect” observers, or readers,
of the OCR, as evidenced by their experiencing of anger. More broadly, these results
support the notion that consumer behavior is a socially interactive experience. The
emotions one consumer conveys to another can influence another consumer’s evaluation
of a product and ultimately, his or her consumption decisions (Brown and Reingen 1987).
Accordingly, the emotions expressed in writing by an OCR reviewer have the potential to
affect the emotions and subsequent decisions of anyone who reads the OCR, which can
lead to major WOM implications.
Additionally, study three contributes to the approach-avoidance literature. Study
three develops the approach-avoidance framework in the OCR literature; it sheds light on
the avoidance reaction that occurs in response to service failure severity. Furthermore,
study three highlights the importance of studying expressers of an emotion separately
from observers of an emotion. Observers of the situation, or consumers who read OCRs,
are not likely to have a behavioral reaction that can be characterized by approach. Instead,
due to the perceived threat affiliated with the described service failure happening to them,
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they are more likely to exhibit avoidance behavior. Participants physically moving away
from the computer screen exhibited this effect in study three. Yet, few studies have tested
the notion that emotional expressions convey actual behavior. As such, study three
contributes to the human behavior literature on the behavioral implications of emotions.
Results of study three also highlight the importance of studying language effects.
Given the underexplored nature of the study of service failure severity, moderating
relationships that describe the conditions under which service failure severity is most
impactful has not yet been explored. Aside from numeric ratings such as star ratings,
OCRs are typically portrayed in writing, which means that language is a major aspect of
user-generated content. Yet, the text portion of OCRs remains an underexplored area in
the OCR literature. Therefore, study three makes an important and unique contribution as
the first to explore the effects of language elements in an OCR or service failure setting.
Referential cohesion, in particular, is a useful place to begin the examination of
language effects because it deals with the connectedness of words and ideas in a text. In
other words, if the OCR writer continues to express his or her ideas by reiterating the
same words and ideas, the OCR reader has more opportunities to understand the OCR
and what is most important about its message. Specifically, results of study three suggest
that the relationship between service failure severity and anger is negatively moderated
by referential cohesion such that consumers experience more anger when they read OCRs
characterized by low referential cohesion. As such, I contribute to the OCR and discrete
emotion literature streams by delving into the significance of referential cohesion. It is
important to study the extent to which words and ideas are connected with each other in a
text when studying anger as a discrete emotion.
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In addition, the effects of language are important from a behavioral perspective.
Results from study three indicate that referential cohesion positively moderates the
relationship between service failure severity and avoidance behavior. That is, consumers
exhibit more avoidance behavior when they read OCRs characterized by high referential
cohesion. Referential cohesion aids a reader’s understanding, and tells a more compelling
story. The reader has more opportunities to understand the ideas the expresser is trying to
convey in a high referential cohesion text than in a low referential cohesion text. Thus,
the effect of the service failure severity is better communicated, which leads to a stronger
behavioral reaction of avoidance. The findings contribute to the study of the theory of
lexical priming. Priming occurs when the response to a target word varies as a function of
the preceding linguistic content, and when prime and target words are highly related, as
in a high referential cohesion text, consumer responses are elicited faster and more
accurately. Findings from study three extend the theory of lexical priming to the service
failure severity context, suggesting that priming strengthens the effects of service failure
severity.
Chapter Summary
The series of experiments conducted in studies one, two, and three offered a finegrained understanding of the effectiveness of OCR elements. Given the importance of
studying emotions in real time, study three focuses on physiologically based data to
investigate discrete emotions as well as actual behavior. The use of physiological
measurement helps to more clearly delineate the roles of implicit processes in consumer
response to OCR information. Study three builds on studies one and two by using
moment-to-moment, physiologically based data to study discrete emotions and actual
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behavior in an OCR context. Results suggest that service failure severity positively
impacts anger and avoidance behavior. Furthermore, study three addresses the
importance of language effects, particularly, referential cohesion. Results indicate that
referential cohesion negatively (positively) moderates the relationship between service
failure severity and anger (avoidance behavior). In addition to studying the effect of
emotional contagion on consumers’ discrete emotions and behaviors, it may be useful to
study the impact of emotion and language elements on corporate performance, which is
explored in chapter six.
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CHAPTER 6
STUDY 4: THE IMPACT OF LINGUISTIC ELEMENTS OF OCRS ON
FINANCIAL PERFORMANCE
Consumer behavior is widely focused on understanding consumers’ emotions,
perceptions, and behaviors. However, it rarely considers observable, financial metrics,
perhaps due to the difficulty of aggregating such results to determine their overall
monetary impact. In the present research, given that financial metrics provide a useful
basis for assessing the market value of a firm (Gupta and Zeithaml 2006), it may be
useful to study the impact of emotion and language elements on corporate performance,
in addition to studying the effect of emotional contagion on consumers’ discrete emotions
and behaviors. However, scholars have not yet explored the relationships between
emotion, language elements, and corporate performance. This begs the question, “Is it
possible to tie the emotions and language elements considered in studies one, two, and
three to financial metrics?” I investigate these relationships in study four by conducting a
longitudinal analysis to assess the effect of linguistic OCR elements in changes in
property-level metrics over time. This panel data model is useful for assessing the
influence of aggregated OCR data on financial performance. Chapter six assesses the
aggregated impact of emotions and language elements in OCRs on corporate
performance over time. It develops the hypotheses, and discusses the data and
measurement, model estimation, and results related to study four.
The Impact of Aggregated OCR Data on Financial Performance
Researchers have noted that a firm’s value can be understood by examining its
customer base (i.e. Blattberg and Deighton 1996; Gupta and Lehman 2003). Moreover, it
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has long been assumed that such information can be obtained by studying emotions and
cognitions. Indeed, the marketing literature demonstrates that emotion and cognition
significantly predict satisfaction judgments (Homburg, Koschate, and Hoyer 2006).
Customer satisfaction is, undoubtedly, of great interest to marketing, given that
satisfaction can lead to long-term benefits such as increased customer loyalty (i.e.
Anderson, Fornell, and Lehmann 1994; Bolton and Drew 1991). Yet, organizations have
become increasingly concerned about observable financial metrics, given that financial
metrics provide a useful basis for assessing the market value of a firm (Gupta and
Zeithaml 2006). Thus, it is becoming increasingly important to establish direct
relationships between emotion, cognition, and financial performance to better understand
the mechanisms that drive such performance.
Consumers make judgments based on the valence of their feelings (Pham 1998;
Schwartz and Clore 1988), and negative reviews and messages lead to negative product
evaluations and decreased sales (Huang and Chen 2006; Wyatt and Badger 1984).
Quantitative studies tend to focus on the effect of numeric ratings such as the effects of
one-star movie ratings on box office performance (Chintagunta, Gopinath, and
Venkataraman (2010) and one-star book reviews on online sales (Chevalier and Mayzlin
2006). Yet, these studies do not go beyond numeric ratings to consider the impact of
negative information from a language perspective.
Emotional contagion suggests that a receiver catches the emotion being
experienced by a sender, wherein the emotion of the receiver converges with that of the
sender and affects the receiver’s successive judgments (Howard and Gengler 2001).
Contagion is useful in explaining the effectiveness of word-of-mouth communications, an
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area that tends to focus on information sharing (Reingen and Kernan 1986). Indeed, a
common finding in the emotional contagion literature is that people’s expressions of
emotions may affect each other so that people acting together come to catch one
another’s moods, eventually increasing and decreasing their moods together, as if in an
emotional rhythm (Neumann and Strack 2000; Totterdell et al. 1998). This effect is
demonstrated most effectively when one can observe changes in a group’s emotion over
time. In the context of the theory of emotional contagion, the negative emotions
portrayed in the text portion of OCRs can be “caught” by the readers of the OCRs, and in
turn, influence their subsequent decisions to do business with the apartment community.
As demonstrated in Figure 2, I hypothesize that the negative emotion present in the text
portion of OCRs negatively impacts profitability over time.
H9:

Negative emotion expressed within the text of OCRs leads to decreased
service profitability.
The Effects of Referential Cohesion on Financial Performance

The effects of referential cohesion tend to be studied in the context of genre
discrimination (i.e. Lightman et al. 2007; McNamara, Graesser, and Louwerse 2012),
reading comprehension in education (i.e. McNamara, Graesser, and Louwerse 2012;
Graesser, McNamara, and Kulikowich 2011), and writing processes and quality (i.e.
Crossley and McNamara 2011; McNamara, Crossley, and McCarthy 2010). Few studies
have just recently begun to consider the effect of cohesion on affective states (i.e.
D’Mello, Dowell, Graesser 2009). The literature has not yet examined the effects of
referential cohesion outside of the learning environment; for instance, how it affects
company performance. Although the effects of language elements on financial

85

performance are not often studied in the academic literature, it is critical to extend the
context of linguistics studies and explore how the referential cohesion of user-generated
content can impact a financial performance.
Recall that referential cohesion occurs when a noun, pronoun, or noun phrase that
captures an argument refers to another part of the text (McNamara et al. 2014). A
referential cohesion gap occurs when words in a sentence do not connect to words in
surrounding sentences. This can be measured by argument overlap, or the degree to
which sentences share the same nouns or pronouns. When referential cohesion gaps exist,
text is considered to be more difficult, which contributes to a more negative experience
when reading an OCR (McNamara et al. 2014). Over time, it is expected that the effect of
referential cohesion will negatively moderate the relationship between negative emotion
and profitability such that OCRs with low referential cohesion will adversely affect
consumers’ decisions to sign a lease with that apartment community, and ultimately,
adversely affect the company’s profitability. As shown in Figure 2, I hypothesize that
referential cohesion will negatively impact the relationship between negative emotion and
financial performance.
H10:

Referential cohesion negatively moderates the relationship between negative
emotion expressed in OCRs and net income per unit such that lower referential
cohesion leads to decreased net income per unit.
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FIGURE 2: STUDY 4 MODEL

Overview of Study 4
Study four focuses on the effect of aggregated OCRs on financial performance.
Specifically, it tests the relationships between negative emotion, referential cohesion, and
profitability. I predict that negative emotion will negatively impact net income per unit,
and that this relationship will be negatively moderated by referential cohesion. I test these
hypotheses through a regression of income per unit on the independent variables and the
controls.
Data and Measurement
I secured access to a proprietary data set from a national property management
company, which includes a variety of financial performance data. The property
management company manages apartment communities in the Southeast, Midwest, and
Southwest regions of the United States. I conducted textual analyses of user-generated
content in OCRs texts for each quarter from 2008—2013. First, I obtained the texts using
automated JavaScripts that accessed and parsed HTML and XML pages from
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ApartmentRatings.com (ApartmentRatings.com 2014) for 55 properties that the property
management company manages. ApartmentRatings.com was selected as the source of
OCRs because it is one of the most commonly used OCR websites in the apartment
industry.
Then, I analyzed OCRs using the LIWC and Coh-Metrix text mining tools. LIWC
determines the percentage of words in a given text in reference to grammatical,
psychological, and content categories (Hancock et al. 2010). In essence, the objective of
LIWC is to connect word use to personality and psychological states. LIWC’s 70
categories include 276 positive emotional word stems and 499 negative emotional word
stems. Each word stem corresponds to many more words; for instance, the stem “lucki”
in the positive emotional dictionary corresponds to words such as “luckily”, “luckiness”,
and “luckiest” (Jurafsky et al. 2014). LIWC is sensitive to differences among discrete
emotions and has seen increasing use as a measure of emotional disclosure (Pennebaker
and Stone 2003).
Recall that Coh-Metrix analyzes text on the basis of text cohesion, or the
characteristics of a text that play some role in helping a reader mentally connect ideas in
the text (Graesser, McNamara, and Louwerse 2003). In essence, cohesion ties together
sentences in a text at a semantic level and helps the reader better understand ideas in the
text. Together, LIWC and Coh-Metrix provide a comprehensive analysis of language,
from words, to syntax, to cohesion (Hancock et al. 2010). Negative emotion is
operationalized as the percentage of negatively valenced words (i.e. ugly, nasty) in the
collected OCRs for each quarter, as determined by LIWC. Referential cohesion is
operationalized as the percentage of noun and argument overlap in the collected OCRs, as

88

determined by Coh-Metrix. Finally, net income per unit is operationalized as the net
income per apartment unit managed by the property management company.
Model Estimation
To test the hypothesized relationships in study 4, I utilize a two-stage Heckman
procedure (1979) to account for any potential selection bias, as there may be systematic
differences in whether an OCR is present. Selection bias can lead to false-positive results
by only selecting data for analysis for which reviews are present. Heckman’s (1979)
correction accounts for this selection bias by including periods for which reviews are not
present.
In the first stage (equation 1), I apply a probit selection model to the full sample
of 2,793 reviews to estimate the probability of the presence of a review in a given period.
The resulting parameters are used to calculate the inverse Mills ratio, which is then
included as an additional regressor in the second stage hypothesis-testing regressions to
control for any potential selection bias. In equation 1, the value of the dependent variable
equals 1 if an OCR is present in period t and 0 if an OCR is not present. In this selection
equation, I include a number of factors likely to affect the presence of a review, which are
summarized in Table 5. I account for the number of reviews in a given period and the
number of units for a given property, as well as economic variables, including household
income, homeownership rate, and unemployment rate. The economic variables are
assigned a two-period, or six-month, lag, to adjust for seasonality factors. The results
support the selection model (Χ2 = 80.49, d.f. = 9, p < 0.000). Results for this first stage
are presented in Table 6.
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TABLE 5: OPERATIONALIZATION OF INDEPENDENT AND CONTROL
VARIABLES
Variable
Number of reviews

Definition/Operationalization
Number of OCRs between 2008-2013
ApartmentRatings.com for the company's properties

Number of units

Company records

Number of apartment units that the
company manages for a given property

U.S. Census Bureau

Income of the householder and all other
individuals 15 years old and over in the
household, whether they are related to
the householder or not

Household income

Source

Homeownership rate

U.S. Census Bureau

Unemployment rate

U.S. Census Bureau

Number of owner-occupied housing
units divided by number of occupied
housing units or households
Number of unemployed people as a
percentage of the labor force

TABLE 6: SELECTION EQUATION RESULTS
Income Per Unit
Estimate
p-value
Selection Equation Independent Variables
Number of reviews (lag1)
Number of units
Household income (lag2)
Homeownership rate (lag2)
Unemployment rate (lag2)

0.064
0.009
0.001
-0.014
0.039

0.000
0.104
0.055
0.287
0.049

The second-stage of the Heckman procedure is a least squares regression on the
abnormal returns, incorporating the Mills lambda and the hypothesized and control
independent variables previously described to test my hypotheses concerning net income
per unit. Since the calculated Mills lambda is significant (p < 0.000), the results of the
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second-stage of the Heckman procedure may be biased by selection; however, its
influence is being accounted for by including the Mills lambda as an additional regressor
in the second stage of the model.
Results
I tested the hypotheses through a regression of income per unit on the independent
variables and the controls. The appropriate number of lag segments was determined by
speaking with apartment industry experts to obtain a thorough understanding of seasonal
industry trends. A standard apartment lease is signed for a 12-month period, which means
that is uncommon for a consumer to research a new apartment to lease until later in his or
her current lease period. As such, it is determined that a three-period lag is the best fit for
the independent variables of interest, including negative emotion, referential cohesion,
and the interaction between negative emotion and referential cohesion. It should be noted
that although the research design in study four uses a three-period lag, the results are
robust in that they do not change if multiple lags (i.e. two- and three-period lags) are
included.
Negative emotion (b = -42.65, p < 0.06) has a significant negative effect in the
selection model, in support of Hypothesis 9 (Model 1). Although not hypothesized, the
main effect of referential cohesion is not significant (b = 77.66, p < 0.30). The interaction
of negative emotion and referential cohesion (b = -126.21, p < 0.003) has a negative
effect in the selection model, in support of Hypothesis 10 (Model 2). The regression
equation is detailed in Appendix G and the results are presented in Table 7. None of the
economic controls are significant suggesting that my findings are generalizable across
properties, after accounting for number of units for a given property.
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TABLE 7: RESULTS FROM SECOND STAGE OF HECKMAN FOR INCOME
PER UNIT
Estimate p-value
Dependent Variable: Income Per Unit
Hypothesized Factors
Negative Emotion (lag3) (H9)
Referential Cohesion (not hypothesized)
Negative Emotion x Referential Cohesion (lag3)
(H10)
Controls
Number of Units
Word Count
Household Income (lag2)
Homeownership Rate (lag2)
Unemployment Rate (lag2)
Mills lambda

-208.10
77.66

0.00
0.30

-126.21

0.00

-2.76
-0.27
0.01
-8.87
8.14
-860.96

0.00
0.33
0.23
0.33
0.56
0.00

Study 4 Discussion
Studies one, two, and three use physiological measurement to offer a more finegrained understanding of how OCRs impact consumers’ emotions and behavior. To
increase the robustness of my results, it is useful to consider the impact of OCRs on
corporate performance in study four. Specifically, I assess the influence of aggregated
OCRs conduct a longitudinal analysis to assess the effect of linguistic OCR elements in
changes in property-level metrics over time. I find that negative emotion words
negatively impact net income per unit. Furthermore, this relationship is negatively
moderated by referential cohesion such that net income per unit is lower for OCRs with
lower referential cohesion.
These findings integrate the literature streams on emotional contagion, linguistics,
and financial metrics. Indeed, it has long been assumed that customers are best
understood by studying affect and cognition. Much of the consumer behavior literature
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seeks to use the study of affect and cognition to better understand consumer satisfaction
(Homburg, Koschate, and Hoyer 2006). The satisfaction construct has been useful in
advancing the understanding of consumers’ attitudes and behavioral intentions; however,
scholars are now called to move beyond the study of satisfaction to gain a better
understanding of more observable metrics (Gupta and Zeithaml 2006). Therefore, the
findings from study four start to integrate the study of emotion and cognition with
financial performance. By examining negative emotion from a language perspective, we
can start to understand its direct impact on profitability. In essence, this finding shows
that the presence of negative words in OCRs over time is quite impactful on profitability.
This finding also demonstrates the importance of collective emotional contagion.
While research on emotional contagion has largely focused on the effect of personal
interactions, there is evidence to suggest that the dissemination of emotions does not
always require direct physical contact or proximity. While scholars have questioned
whether the effect of technologies (i.e. personal computers, electronic mail) facilitate the
transmission of information but diminish the parallel transmission of emotional
communications (Hatfield, Cacciopo, and Rapson 1994), it appears that emotional
contagion affects aggregated written communication, as evidenced in the context of
OCRs that characterizes this research. Indeed, negative emotion may be a very important
mechanism that drives profitability.
Importantly, the findings also extend the psychology and linguistics literatures
that study referential cohesion. As mentioned previously, referential cohesion is often
studied in a learning context (i.e. Crossley and McNamara 2011; D’Mello and Graesser
2012) to better understand how referential cohesion affects students’ comprehension. But
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findings from study four indicate that language elements are important to consider in
fields outside of education such as marketing. Results of study four indicate that
referential cohesion negatively moderates the relationship between negative emotion and
profitability. In addition to considering the emotional content in OCRs, it is important to
consider language effects of OCRs on profitability. Hence, observable metrics represents
a new avenue for fruitful cohesion research. Certainly, the psychology and consumer
behavior fields are longstanding natural fits for interdisciplinary research on company
performance, but study four suggests that these areas could be well served to integrate the
linguistics field as well.
Furthermore, “the true impact of satisfaction on performance measures is not
apparent when taking a cross-sectional approach. A longitudinal view seems to be
necessary” (Bernhardt, Donthu, and Kennett 2000, p. 164). As these authors highlight, it
is important to examine performance on a longitudinal basis. This study is not only
among the first to investigate the impact of emotion words and referential cohesion on
observable metrics, but it is also the first to examine the effects of emotion and language
over time.
Chapter Summary
The study of consumer behavior is replete with outcome variables related to
emotion, perceptions, and behavior, which have contributed to a deep understanding of
how people function as consumers. However, in recent years, the marketing literature has
called for more research that goes beyond the study of unobservable metrics such as
satisfaction to study observable metrics such as corporate performance. In study four, I
extended the findings of studies one, two, and three, which focus on the effect of OCRs
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on discrete emotions and behavior, by using aggregated OCR data to demonstrate the
importance of emotion and language elements on corporate financial performance over
time. Specifically, chapter six offered evidence that negative emotion is negatively
related to net income, and that this relationship is negatively moderated by referential
cohesion. These results demonstrate the importance of collective emotional contagion
over time, and show that the effects of emotional contagion go beyond the impact of one
observer’s direct contact with an expresser.
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CHAPTER 7
DISCUSSION AND CONCLUSIONS
Across four studies, this research has demonstrated the importance of emotional
contagion in the OCR context. Results of study one suggest that service failure severity
positively impacts anger, while negatively impacting consumers’ cognitively formed
inferences about service quality. Furthermore, anger negatively impacts service quality
inferences. Study two goes beyond survey measurement to establish relationships
between service failure severity and physiologically measured (a) negative affect and (b)
cognition. Results from study three suggest that service failure severity positively impacts
anger and avoidance behavior. Furthermore, study three introduces the importance of
language effects by demonstrating that referential cohesion negatively (positively)
moderates the relationship between service failure severity and anger (avoidance
behavior). Finally, in a longitudinal analysis that assesses the effect of linguistic OCR
elements in changes in property-level metrics over time, I find that negative emotion
words negatively impact net income per unit. Moreover, results indicate that this
relationship is negatively moderated by referential cohesion such that net income per unit
is lower for OCRs with lower referential cohesion.
In this final chapter, I discuss these results relative to their theoretical foundations
and relevancy to the advancement of academic research on OCRs. Moreover, I present
managerial implications to discuss how these results can assist marketers and managers
who are integrating OCRs into their corporate strategies. Third, I recognize and discuss
the limitations of the research. Finally, I present future research directions for future OCR
studies and offer final conclusions.
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Discussion of Findings
Study 1 Contributions
The first study demonstrates that service failure severity has both affective and
cognitive implications in the OCR context. Results suggest that service failure severity
positively impacts consumers’ anger, while negatively impacting their cognitively formed
inferences about service quality. Furthermore, anger negatively impacts service quality.
This study offers evidence that service quality inferences may be directly impacted by
service failure severity. In addition, however, a discrete emotion; namely, anger, may
serve as an important mechanism that impacts how consumers form cognitive inferences.
These results add to the discussion on how affect and cognition function in human
behavior. Indeed, recent psychology literature suggests that emotion regulates basic
cognitive processes. Using self-report measures, the first study indicates that service
failure severity directly affects both affect and cognition.
Furthermore, study one contributes to the literature on negativity bias and
emotional contagion. Indeed, negativity bias offers a good starting point for
understanding how information affects consumers’ perceptions. However, as
demonstrated in study one, it may be more useful to consider discrete negative emotions
as opposed to negative valence. Building on the negativity bias, it appears useful to work
from Roseman’s (1991) appraisal theory of emotions when conducting emotion-based
research. By isolating anger from other negative emotions in an experimental setting, I
focused on the aspects of anger that distinguish it from other negative emotions such as
blame attribution. Anger represents an emotion where one’s personal harm is attributed to
others. In other words, it is characterized by blame; that is, a person experiences anger
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when he or she feels that the fault in a situation can be attributed to another person’s
wrongdoings. Since people tend to prefer to blame others than themselves in a negative
situation, study one offers evidence that the emotional contagion effect is strong in the
context of anger. The more severe the service failure severity described in the OCR and
therefore, the more anger expressed by the reviewer, the greater the self-assessed anger in
OCR readers. These contagion effects demonstrate that anger is quite useful to study in
the OCR context, since OCR readers are interested to learn what caused the reviewer to
have a negative experience with a product or service.
Finally, study one contributes to the literature on service failure severity. Indeed,
not all service failures are the same, but despite the focus on service failure in the
services literature, service failure severity does not often receive much attention. Study
one demonstrates the importance of considering severity and the impact it can have on
emotions and service quality perceptions. Negative OCRs are written about service
failures that vary in severity; some consumers choose to write an OCR about any minor
service failure they have encountered, whereas some consumers only write about severe
service failures. In general, the Internet is full of OCRs that describe both minor and
severe service failures; thus, it is important to distinguish them in the academic literature
as well.
Study 2 Contributions
In study two, I study negative affect and cognitive workload on a moment-tomoment basis; that is, I measure participants’ negative affective responses and cognition
in real time during the experiment. Not only does this allow me to measure participants’
negative affective responses and cognition as they read an OCR, but it allows me to
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isolate the investigation of the affect and cognition experienced as they read the service
failure portion of the OCR. In this way, I focus my analysis on the negative affect, pupil
dilation, and fixation duration experienced at a specific point-of-interest. As such, study
two establishes a correlation between service failure severity and physiologically based
affect and cognitive workload. This extends the findings from study one, which
established relationships between service failure severity, emotion, and cognition using
survey measurement. Examining physiological reactions to service failure severity is very
new to the literature, and has not yet been established in a marketing context.
Studying emotions on a moment-to-moment basis can, alone, lead to a more
objective understanding of the role of affect in consumer behavior. Study two
demonstrates that the objective study of emotions also more clearly delineates the roles of
emotional contagion in consumer response to OCR information. Indeed, the second study
demonstrates that the relationship between service failure severity and negative affect
does not just exist as a result of consumers’ perceptions as measured by survey items.
Instead, I demonstrate that it is possible for a service failure described in an OCR to
generate a physiological affective response. In other words, the negative affect described
in a service failure can be linked to consumers’ visceral emotional reactions. As scholars
continue to make strides in the classic debate about cognition versus affect, it is important
to ensure that we are capturing the emotional aspects of affect, as opposed to the
cognitively formed perceptions about affect.
Furthermore, study two makes a contribution to the affect-as-information model.
As previously discussed, this model posits that people rely on their present feelings in a
heuristic fashion in order to make judgments, as long as those feelings are perceived as
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relevant to that judgment (Clore 1992; Schwartz 1990). These feelings have long been
studied with survey items, but as noted by Hill (2003, p. 893),
“Surveys provide the opportunity to gauge attitudes, but because it gains input
retrospectively, it risks the fallacies of memory. Surveys rarely dip into the sensory realm.
Facial coding, on the other hand, accesses both conscious and unconscious reactions,
often through brief, micro-expressions involuntarily revealed”.
In this way, study two uses objective measures to assess whether consumers’
feelings, captured in real time, are perceived as relevant to a situation.
Study 3 Contributions
Given the importance of studying emotions in real time, study three focuses on
physiologically based data to investigate discrete emotions as well as actual behavior.
Study three builds on studies one and two by using moment-to-moment, physiologically
based data to study discrete emotions and actual behavior in an OCR context. Results
suggest that service failure severity positively impacts anger and avoidance behavior.
Furthermore, study three addresses the importance of language effects, in particular,
referential cohesion. Results indicate that referential cohesion negatively (positively)
moderates the relationship between service failure severity and anger (avoidance
behavior).
First, study three expands the literature on service failure severity by establishing
the effect of service failure severity on anger, a discrete emotion. This finding extends
this relationship from study one, which showed that service failure severity positively
impacts anger, by demonstrating that this relationship exists in a physiological context.
Again, many of the existing service failure studies do not focus on service failure severity,
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and those that do tend to manipulate it and hypothesize its effect on a service-related
outcome, most commonly satisfaction (i.e. Hoffman, Kelley, and Rotalsky 1995;
Dunning, Pecotich, and O’Cass 2004). This study demonstrates the importance of moving
the service failure severity construct beyond its relationship with satisfaction and onto
new outcome variables such as physiologically based anger and avoidance.
Furthermore, study three contributes to the literature on emotional contagion. An
individual’s subjective emotional state is continuously affected by the activation and/or
feedback from unconscious behavioral mimicry of their interaction partner’s expression
of emotion, even as expressed through words. This emotional contagion occurs at
automatic levels (Hatfield, Cacioppo, and Rapson 1994). Findings from study three
suggest that the anger expressed in the text of an OCR can “infect” observers, or readers,
of the OCR, as evidenced by their experiencing of anger. More broadly, these results
support the notion that consumer behavior is a socially interactive experience. The
emotions one consumer conveys to another can influence another consumer’s evaluation
of a product and ultimately, his or her consumption decisions (Brown and Reingen 1987).
Accordingly, the emotions expressed in writing by an OCR reviewer have the potential to
affect the emotions and subsequent decisions of anyone who reads the OCR, which can
lead to major WOM implications.
Additionally, study three contributes to the approach-avoidance literature. The
idea of “fight or flight” is a classical approach to study human behavior in modern
psychology. However, the psychology and consumer behavior literatures have only
recently started to develop the idea that emotions can be distinguished from one another
based on motivational orientations associated with them (Adams et al. 2006). Study three
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develops the approach-avoidance framework in the OCR literature; it sheds light on the
avoidance reaction that occurs in response to service failure severity. Furthermore, when
studying emotions, it is useful to distinguish whether the emotion is being studied from
the point of view of the expresser or the observer of that emotion. This is particularly
useful in an OCR context, because the value of OCRs is their effect on other consumers.
Study three demonstrates that if one consumer’s anger with a service failure leads them to
approach the situation (i.e. express their anger by writing an OCR), one cannot expect all
other consumers to react in the same manner. Observers of the situation, or consumers
who read OCRs, are not likely to have a behavioral reaction that can be characterized by
approach. Instead, they are more likely to exhibit avoidance behavior, which, in the case
of study three, was exhibited by physically moving away from the computer screen. Yet,
few studies have tested the notion that emotional expressions convey actual behavior. As
such, study three contributes to the human behavior literature on the behavioral
implications of emotions.
Results of study three also highlight the importance of studying language effects.
Given the underexplored nature of the study of service failure severity, moderating
relationships that describe the conditions under which service failure severity is most
impactful has not yet been explored. Aside from numeric ratings such as star ratings,
OCRs are typically portrayed in writing, which means that language is a major dimension
of what comprises online user-generated content. An observer, or OCR reader, often has
little other information to use to form judgments about the OCR. In a television
advertisement, for instance, the actual content of the message is undoubtedly important.
However, consumers can make inferences based on the attractiveness of the actor, tone of
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voice, and other peripheral cues. On the other hand, an OCR often possesses much less
peripheral information, which means that language effects are likely to play an important
role in consumers’ emotions and cognitions related to the OCR. As such, study three
makes an important and unique contribution as the first to explore the effects of language
elements in an OCR or service failure setting.
Referential cohesion, in particular, is a useful place to begin the examination of
language effects because it deals with the connectedness of words and ideas in a text. In
other words, if the OCR writer continues to express his or her ideas by reiterating the
same words and ideas, the OCR reader has more opportunities to understand the OCR
and what is most important about its message. Specifically, results of study three suggest
that the relationship between service failure severity and anger is negatively moderated
by referential cohesion such that consumers experience more anger when they read OCRs
characterized by low referential cohesion. As such, I contribute to the OCR and discrete
emotion literature streams by delving into the significance of referential cohesion. It is
important to study the extent to which words and ideas are connected with each other in a
text when studying anger as a discrete emotion.
In addition, the effects of language are important from a behavioral perspective.
Results from study three also indicate that referential cohesion positively moderates the
relationship between service failure severity and avoidance behavior. That is, consumers
exhibit more avoidance behavior when they read OCRs characterized by high referential
cohesion. Referential cohesion aids a reader’s understanding, and tells a more compelling
story. The reader has more opportunities to understand the ideas the expresser is trying to
convey in a high referential cohesion text than in a low referential cohesion text. Thus,
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the effect of the service failure severity is better communicated, which leads to a stronger
behavioral reaction of avoidance. The findings contribute to the study of the theory of
lexical priming. Priming occurs when the response to a target word varies as a function of
the preceding linguistic content, and when prime and target words are highly related, as
in a high referential cohesion text, consumer responses are elicited faster and more
accurately. Findings from study three extend the theory of lexical priming to the service
failure severity context, suggesting that priming strengthens the effects of service failure
severity.
Study 4 Contributions
Studies one, two, and three use physiological measurement to more clearly
delineate the roles of implicit processes in consumer response to OCR information. These
results are valuable in generating a fine-grained understanding of how OCRs impact
consumers’ emotions and behavior. To increase the robustness of my results, it is useful
to consider the impact of OCRs on corporate performance. In study four, I explore
whether it is possible to tie emotions and behaviors to financial metrics. I assess the
influence of aggregated OCRs conduct a longitudinal analysis to assess the effect of
linguistic OCR elements in changes in property-level metrics over time. I find that
negative emotion words negatively impact net income per unit. Furthermore, this
relationship is negatively moderated by referential cohesion such that net income per unit
is lower for OCRs with lower referential cohesion.
These findings integrate the literature streams on emotional contagion, linguistics,
and financial metrics. Indeed, it has long been assumed that customers are best
understood by studying affect and cognition. Much of the consumer behavior literature
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seeks to use the study of affect and cognition to better understand consumer satisfaction
(Homburg, Koschate, and Hoyer 2006). The satisfaction construct has been useful in
advancing the understanding of consumers’ attitudes and behavioral intentions; however,
scholars are now called to move beyond the study of satisfaction to gain a better
understanding of more observable metrics (Gupta and Zeithaml 2006). Therefore, the
findings from study four start to integrate the study of emotion and cognition with
financial performance. By examining negative emotion from a language perspective, we
can start to understand its direct impact on profitability. In essence, this finding shows
that the presence of negative words in OCRs over time is quite impactful on profitability.
This finding also demonstrates the importance of collective emotional contagion.
While research on emotional contagion has largely focused on the effect of personal
interactions, there is evidence to suggest that the dissemination of emotions does not
always require direct physical contact or proximity. While scholars have questioned
whether the effect of technologies (i.e. personal computers, electronic mail) facilitate the
transmission of information but diminish the parallel transmission of emotional
communications (Hatfield, Cacciopo, and Rapson 1994), it appears that emotional
contagion affects aggregated written communication, as evidenced in the context of
OCRs that characterizes this research. Indeed, negative emotion may be a very important
mechanism that drives profitability.
Importantly, the findings also extend the psychology and linguistics literatures
that study referential cohesion. As mentioned previously, referential cohesion is often
studied in a learning context (i.e. Crossley and McNamara 2011; D’Mello and Graesser
2012) to better understand how referential cohesion affects’ students’ comprehension.
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But findings from study four indicate that language elements are important to consider in
fields outside of education such as marketing. Results of study four indicate that
referential cohesion negatively moderates the relationship between negative emotion and
profitability. In addition to considering the emotional content in OCRs, it is important to
consider language effects of OCRs on profitability. Hence, observable metrics represents
a new avenue for fruitful cohesion research. Certainly, the psychology and consumer
behavior fields are longstanding natural fits for interdisciplinary research on company
performance, but study four suggests that these areas could be well served to integrate the
linguistics field as well.
Furthermore, “the true impact of satisfaction on performance measures is not
apparent when taking a cross-sectional approach. A longitudinal view seems to be
necessary” (Bernhardt, Donthu, and Kennett 2000, p. 164). As these authors highlight,
the importance examining performance on a longitudinal basis is highly important. This
study is not only among the first to investigate the impact of emotion words and
referential cohesion on observable metrics, but it is also the first to examine the effects of
emotion and language over time.
Contributions to the Online Consumer Review Literature
Collectively, the four studies make unique contributions to the growing streams of
literature on OCRs. The aforementioned studies focus on the effect of numeric ratings on
objective measures of product performance (i.e. Chevalier and Mayzlin 2006; Clemons,
Gao, and Hitt 2006). While such studies have made useful contributions related to the
valence, variance, and volume of OCRs, the findings from study four expand the
literature by examining the impact of the text portion of OCRs on financial performance.
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Moreover, they assess the text portion of OCRs from a linguistics perspective, and shed
light on the importance of studying the language elements of the text, in addition to its
emotional content.
In addition, the results from the experiments in studies one and two go beyond
commonly studied constructs related to perceptions such as perceived helpfulness and
trust to consider service quality inferences. In this way, these studies introduce OCRs to
the longstanding service quality literature. Service quality is focused on customer
expectations, as opposed to what a company perceives customer expectations to be. As
such, it continues to be a very important construct of study in marketing academia today.
As it becomes increasingly critical for companies to pay attention to user-generated
content, service quality becomes a useful construct of study in the OCR literature.
Furthermore, studying OCRs set in the apartment context makes a unique
contribution to the OCR literature. Most OCR studies are set in a product context, and
many of the products studied possess search attributes. Recall that search attributes are
characteristic of products where complete information about the goods can be acquired
prior to purchase (Nelson 1974). Alternatively, experience attributes cannot be known
until after the product has been used. Apartments represent a unique context for studying
OCRs because they (1) are a service and (2) have experience attributes. As a result of the
ambiguity affiliated with services and experience goods, consumers’ evaluations of
experience goods may be more affected by user-generated content such as OCRs. Thus,
the present studies begin to shed light on the importance of studying OCRs in the services
and experience goods contexts.
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Finally, studies two and three add to the few physiological studies that exist in the
consumer behavior literature, and the even fewer studies that exist in the OCR literature,
in particular. By studying emotions and behavior in real time, scholars can strive toward a
more objective understanding of the human mind. The existing OCR literature typically
uses traditional experimental design and survey-based methods to assess consumers’
perceptions. Introducing automated facial expression analysis and eye tracking
techniques to the study of OCRs creates fruitful opportunities to objectively study
emotion, cognition, and behavior for specific areas of interest. Additionally,
physiological measurement sharpens the validity of the methods by which emotion is
studied. One cannot capture an objective assessment of emotion by asking consumers to
think about how they feel after viewing a stimulus. Such methods are likely to be tainted
by the cognitive impact on the reported emotion. Automated facial expression analysis
captures emotional response at the time one is interested in capturing it. In studies two
and three, it allowed me to isolate the anger that is experienced for a very specific area of
interest. Eye tracking captures cognitive response, including where the eye is fixated as
well as physical behavior, at a given point in time. Although little is known about the role
of cognition and emotion in consumer processing of OCRs, the study of attention and
emotion on a moment-to-moment basis lead to a better understanding of the effectiveness
of various OCR elements.
Managerial Implications
The four studies that comprise this dissertation highlight the importance of usergenerated content, particularly OCRs. The power of OCRs lies in their availability to
mass audiences. In other words, because many observers, or OCR readers, have access to
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an expresser’s, or OCR writer’s, content, their reactions to such content are worthy of
marketers’ and managers’ attention, as they could affect future purchase behavior.
First, marketers and managers should understand that OCRs written about severe
service failures are more impactful than those written about minor service failures. As
evidenced in study one, such failures lead to decreased service quality inferences and
increased anger. Although managers’ first reactions to any service failure described in an
OCR may be negative, they should prioritize their responses to focus on severe service
failures first. Although strategies for effective service recovery are outside the scope of
this dissertation, managers should understand that severe service failures should be given
priority when it comes to recovery.
Next, marketers can learn from findings from studies two and three, which
examined the impact of service failure severity on physiologically measured negative
affect, anger, and avoidance behavior. These studies demonstrate that emotions can be
contagious; that is to say, negative emotions expressed in an OCR that describes a service
failure can infect the emotions of readers of that OCR. These findings highlight the
serious implications that service failure can have on consumers’ physiological emotional
and behavioral reactions. Even moment-to-moment increases in negative affect, anger,
and avoidance behavior can have long lasting effects on how consumers feel about a
company. As stated by Hill (2003), “Bad service is death for a company. Not
dramatically, but more like a thousand small knife cuts” (656). Therefore, marketers are
well suited to give negative OCRs they attention they deserve, especially when they
describe a service failure.
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Moreover, study three demonstrates that service failure severity leads to increased
physiologically measured anger, which emphasizes the importance of the relationship
established in the first study. In addition to the emotional content in OCRs, marketers
should consider the language used in the OCRs of interest. When OCRs are low in
referential cohesion, or have little noun and argument overlap with surrounding sentences,
there is an even stronger negative relationship between service failure severity and anger.
When observers see few of the same words and arguments as they read an OCR, they
have to spend more energy experiencing and regulating anger rather than on
comprehending it. In addition to paying close attention to severe service failures, then,
marketers should look for and attend to OCRs that are more difficult for the reader to
follow, as evidenced by cohesion gaps.
Relatedly, results from study three indicate that referential cohesion positively
impacts the negative relationship between service failure severity and avoidance behavior.
That is, consumers exhibit more avoidance behavior when they read OCRs characterized
by high referential cohesion. Again, this highlights the importance of language effects on
avoidance behavior as consumers read an OCR. In addition, it demonstrates the
importance of understanding the difference in expressers’ behavior compared to
observers’ behavior. If one customer’s anger with a service failure leads them to
approach the situation (i.e. expressing their anger by writing an OCR), it is apparent that
managers cannot expect customers who read about the situation in an OCR to react in the
same manner. Observers of the situation, in other words, consumers who read OCRs, are
not likely to have a behavioral reaction that can be characterized by approach. Instead,
they are more likely to exhibit avoidance behavior, which, in the case of study three, was
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exhibited by physically moving away from the computer screen. As such, it is useful for
marketers to understand how OCRs written by an expresser can affect observers.
The effect of an emotion being experienced by a sender and subsequently “caught”
by a receiver is further highlighted in the final study. Study four provides evidence of the
longitudinal impact of aggregated OCRs on corporate financial performance. Specifically,
it is useful for managers to understand the negative relationship between negative
emotion and net income. In other words, over time, the presence of negative emotion
words in OCRs negatively impacts net income. This finding provides additional evidence
that negative OCRs are of particular managerial importance. Not only do the text content
of OCRs affect consumer emotion, perceptions, and behaviors, but they impact corporate
financial metrics as well. Furthermore, referential cohesion negatively impacts the
negative relationship between negative emotion and net income; in other words, the
negative relationship between negative emotion and net income is particularly strong
when the OCRs are characterized by low referential cohesion. In sum, emotion and
language elements that characterize OCRs can have a direct impact on profitability, so
managers would be well served to pay attention to these elements in the text portion of
OCRs.
Limitations of the Research
As with any research design, there are limitations to the present study. The main
limitations in the experimental design include the generalizability of the stimulus,
controlling for participant mood, and the focus on negative emotions, while a key
limitation in the longitudinal analysis is the lack of additional control variables.
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First, the generalizability of the stimulus created for the experiment could be
improved. As with all experimental designs, one must choose to focus on certain types of
validity. Since experimental designs are still quite new to the OCR literature, especially
those that use physiological measurement, there is quite a bit of uncertainty as to how
best to approach the design. I decided to focus on internal validity, so that I could study
the effect of emotion, behavior, and language in a controlled environment. The stimulus
was a static image that looked very similar to a webpage on an actual OCR website for
apartments. It would be useful to create an actual webpage with real click-through
functionality; however, I wanted to control the content that each participant viewed.
Furthermore, each participant was instructed to view the stimulus as he or she normally
would, and not to use the mouse or keyboard until they were told to do so. This design
allowed me to provide each participant with a fixed exposure to the stimulus, which
automatically advanced to the online survey or the end of the experiment (depending on
the study) after 75 seconds. This design ensured that each participant was exposed to the
same stimulus for the same amount of time, but the tradeoff was decreased external
validity. In the future, it would be fruitful to create a website that allows each participant
to click through functioning webpages and to take as much or as little time as they need
to view the stimulus.
Second, I did not choose to control for participants’ mood at the time of the
experiments. Again, given the little experimental work that has been conducted in the
OCR setting, especially with physiological measurement, I did not want to taint the
participants’ experience by asking them questions about how they were feeling. Only two
participants made it clear from their interactions with me before the experiment that they
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were not going to be particularly cooperative, and consequently, their data was not
included in the analysis. It could be useful to control for mood in future experiments by
asking each participant mood-related survey items before they begin participating in the
study of interest. Although the very nature of these questions could affect their mood,
working from a baseline would help frame the analysis of the facial expressions and
behaviors they display throughout the study.
Third, I focused my research on negative affect and anger. As demonstrated by
the negativity bias, negative information is considered to be more impactful and to have
longer-lasting effects than positive information (Jordan 1965). As such, negative affect
and discrete emotions are a useful place to begin to investigate the impact of emotions
and linguistic effects in an OCR context. However, not all OCRs are negative; OCR
content may also be neutral, positive, or a mixture of positive and negative. Therefore,
while the results of the present research may not generalize to consumers’ emotional and
behavioral reactions to all OCRs, it serves as a useful starting point and should be
expanded to consider neutral, positive, and mixed OCR content in future studies.
Finally, a limitation related to the longitudinal study is the inclusion of additional
control variables beyond household income, homeownership rate, and unemployment
rate. For instance, the number of visits to ApartmentRatings.com per month per property,
the number of ApartmentRatings.com reviews per month per property, the number of
leads, and the number of converted leads would be useful information to control for in the
analysis in order to gain a better understanding of the traffic patterns on
ApartmenRatings.com. However, the company did not keep detailed records of this
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information until recently, so I did not have access to this data for the full set of OCRs I
analyzed.
Future Research Directions
There are a variety of exciting, future research opportunities to enhance the
understanding of emotions, behaviors, and corporate performance in the OCR context.
First, this dissertation focuses on anger as a discrete emotion because it is commonly
encountered in OCRs (Ludwig et al. 2013), it is the most dominant affective reaction to
service failures (Kalamas et al. 2008), and negative emotional content is considered to be
more impactful on behavior than positive emotional content (Jordan 1965). However, it
would be fruitful to study other discrete emotions, including frustration and contempt.
Other emotions of interest include surprise, which can be considered positive or negative
(Roseman 1991) and joy, to assess the effects of service failure severity and language
elements on positive emotions. This would contribute to Roseman’s (1991) appraisal
theory of emotions, which posits that emotions should be considered independently.
Secondly, future OCR research should consider combining physiological and
survey-based measurement. For instance, it may be useful to understand how service
failure severity affects service quality inferences, to gain a better understanding of how
emotional contagion impacts consumers’ perceptions of a company. Moreover, it would
be valuable to consider other negative discrete emotions besides anger, as well as to
expand into studying positive discrete emotions. This would develop the service quality
literature by furthering the understanding of how other emotions impact service quality
inferences. Additionally, scholars should assess the impact of these emotions on other
perception-related outcome variables such as perceived helpfulness of the OCR, expertise

114

of the reviewer, and problem solving ability of the service employees. Using
physiological measurement to study new discrete emotions and survey-based
measurement to study additional constructs would add to the robustness of the OCR
literature and help consumer behavior scholars increase their understanding of the link
between emotion and perceptions.
A final research direction specifically related to future experimental research is to
capitalize on the unique features of physiological measurement. As previously discussed,
traditional experiments often focus on internal validity in exchange for external validity.
However, automated facial expression analysis and eye tracking can lead to increased
external validity in consumer behavior experiments. Researchers can add more realistic
elements to experiments to increase the realism for participants. For instance, a stimulus
of a webpage can include information that is present on an actual webpage such as
advertisements and social media information. In a traditional experiment, the researcher
may be concerned that any emotion-, cognition-, or perceptions-related data collected
could be in response to the elements that are present on the webpage but are not of
principal interest in the study such as advertisements and social media information. But
with physiological measurement, the researcher can focus on the emotion the participant
is experiencing when he or she is engaged in the main area of interest. So, in the case of
future OCR studies, researchers could choose to hone in on the facial expression and eye
tracking behavior that is occurring as the participant reads the OCR, even with peripheral
information such as advertisement and social media information included in the stimulus.
Future longitudinal studies of the aggregated effects of OCRs should examine
additional categories of words beyond those that are categorized as negative emotion. For
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instance, one can examine words related to positive emotion, discrete emotions such as
joy, or even words that are related to categories other than affective processes. For
instance, future studies may consider the effect of linguistic processes such as the use of
pronouns or negations; or cognitive processes such as words related to discrepancy or
certainty. Indeed, the words people use provide windows into their emotional and
cognitive worlds (Pennebaker et al. 2007), and it would be fruitful to extend the findings
of study four to consider the effects of these words on corporate financial performance.
Another future research direction for future longitudinal studies is to move beyond the
apartment context to consider other service industries. The literature would benefit from
understanding the relationships in lower involvement but higher frequency service
contexts than apartments such as hotels, restaurants, and medical services. A final
direction related to future longitudinal research includes examining other financial
performance metrics such as cost per lead or return on marketing expenditures.
Finally, there are several research directions that should benefit future
experimental as well as longitudinal studies. First, future studies should explore what
makes an effective service recovery strategy in the OCR setting. As managers grow
increasingly concerned with responding to OCRs, especially negative ones, assessing
which emotion-, cognition-, and language-based text characteristics should be taken into
consideration is likely to be quite useful for the service recovery literatures and marketing
managers alike. Second, future studies could examine the effect of referential cohesion on
different types of consumers. For instance, are there differences in emotional reactions
and comprehension for consumers who have high product or service knowledge for a
given industry compared to those with low product or service knowledge? Finally, it is
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likely that other linguistic elements besides referential cohesion can explain variance in
consumers’ responses and corporate performance. Scholars may consider studying
elements such as narrativity and word concreteness to gain a more robust understanding
of the effect of language in an OCR context.
Conclusion
Overall, this research contributes to the academic literature streams on OCRs,
service failure, service quality, emotional contagion, negativity bias, discrete emotions,
approach-avoidance motivation, linguistics, and corporate performance. It also begins to
explore the fruitful possibilities of physiological measurement in consumer behavior.
Furthermore, this research increases managers’ understanding of OCRs on consumers’
perceptions, emotional responses, and behaviors. This understanding is particularly
important in today’s society driven by user-generated content. Such content is made
available via the hundreds of thousands of consumer contributions on the Internet.
Consumer-to-consumer opinions tend to be perceived as more credible, influential, and
objective than company-sponsored messages, which means they are playing a critical role
in marketing practice. Given that OCRs are an increasingly important form of usergenerated content, the present and future OCR studies are of utmost importance for
marketing academics and practitioners alike. Therefore, it is of utmost importance for
scholars to continue to examine which elements of OCRs are key influencers of
consumers’ affective processes and behavior.
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APPENDICES
Appendix A
Manipulation Check Scale Items and Reliabilities

Manipulation Check Items
Service Failure Severity
Mild service problem—severe service problem
Major service problem—minor service problem
Insignificant service problem—significant service problem
Realism
This online review is realistic.
This online review is believable.
If I lived in an apartment, I could encounter a situation like the one
described in the online review.
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Reliabilities
(Coefficient
Alpha)
0.96

0.88

Appendix B
Study 1 Scale Items, Reliabilities, and Standardized Factor Loadings from
Confirmatory Factor Analysis
Reliabilities
(Coefficient Standardized
Alpha)
Coefficients
0.92

Service Quality Inferences
Customers could expect to be treated well at
this apartment.
0.87
Employees of this apartment could be
expected to give customers personal attention.
0.77
This apartment's employees would be willing
to help customers.
0.91
This apartment would offer high-quality
service.
0.94
Employees of this apartment would not be too
busy to respond to customers' requests quickly.
0.66
0.95
Anger
I would feel angry about my experience at this
apartment.
0.96
I would feel very displeased with the service at
this apartment.
0.92
The more I think about it, the more hostile I
would feel toward the apartment.
0.89
Model fit statistics: X261 = 72.70 p = 0.145, root mean square error of approximation
= 0.04, comparative fit index = 0.99, Tucker-Lewis index = 0.98
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Appendix C
Example Manipulation
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Appendix D
Participant Laboratory Equipment
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Appendix E
Researcher Laboratory Equipment
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Appendix F
Example Manipulation with Area of Interest
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Appendix G
Heckman Selection Equation

(1) Heckman Selection Equation
Presence of a review

=

β0 + β1Number of reviewst -1 + β2Number of unitst-1
+ β3Household incomet-1 + β4Homeownership
ratet-1 + β5Unemployment ratet-1 + β6Period1 ...+
β30Period24 + ε

(2) Income Per Unit Hypothesis Testing Model (Second-Stage of the Heckman)
Income per unit

=

β0 + β1Negative emotion + β2Referential cohesion
+ β3Negative emotion*Referential cohesion +
β4Number of reviews + β5Number of reviews +
β6Number of units + β7Household income +
β8Homeownership rate + β9Unemployment rate +
β10Mills lambda + ε
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